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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 M2M 100 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, [L1]]. 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 configurations 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, specifically bi-level, structures. A key
advantage of hierarchical models is their ability to incorporate prior knowledge through the explicit
definition 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/ 126, 27]. Hierarchical modelling
approaches have found applications in areas such as hierarchical text classification, 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 (28,129, 30} [31]], among
others. However, hierarchical modelling in the context of learning and training curve prediction tasks
has surprisingly not yet been explored.

We aim to bridge this gap Number of Source Source Language
by modelling learning curve  Embedding Parameters Languages Model Architecture Size
(LC) prediction tasks in 1024 English English 175M
NLP as multitask problems,
where each task comprises / ‘ \ / \ \ / \ \
data organized in a two-
layer hierarchical structure, 8 10 48 Indonesian Malay Javanese Indonesian Malay Javanese
as illustrated in Figure Number of Target Target

Layers Languages Languages

An additional hypothesis is
that these hierarchies are
exchangeable. We demon-
strate that by leveraging cor-
relations among tasks, zero-

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

shot prediction of training
curves for scaling law re-
search can be achieved at

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.

significantly 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 final 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 quantification 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 significant 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}133,134,135,136]]. LC trends
have been extrapolated for larger training dataset sizes [9} [12} 132} 137, [38]] or used to define 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 fitted
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 confident 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



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 configurations and can predict outcomes for unseen configurations [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 configurations. Their smallest dataset contained 256
configurations. 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 fix 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 flat 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 classifications
[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 55,156, 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} 160, 61} 62]. Higele 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

101 ™ . Compute Efficient Frontier
In this work, we focus on scaling laws that describe how Scaling Law
the validation loss scales with the compute budget c. Em- 11%9(c) = —0.058¢ + 3.62

pirically, this involves generating loss-compute learning
curves during training and estimating the parameters of
the resulting functional form.

Loss

As model and dataset sizes increase, the compute required
for a single training iteration also grows, making training
progressively more expensive. Let ¢ = (c1,¢2,...,¢nr)
denote an increasing sequence of compute values, with
c1 < cg < --- < cpy. We denote the sequence of loss
values achieved by a model of size n; at these compute 1016 1018 1020
values as 1"¢. Figure 2] illustrates learning curves 1" for Compute

nanoGPT models [[63] of varying sizes n; in green and the

full set of @ learning curves is given by D={(c,17)}%,. Figure 2: A set of learning curves from
Model size is implicitly reflected by the position at which nanoGPT models, each showing loss ver-
each curve begins on the compute axis: smaller models, sus compute for different model sizes.
requiring less compute per iteration, appear further left. Larger models achieve lower test loss.

While various forms of scaling laws exist, we focus on the [(c) scaling law. Following the approach
outlined by Hoffmann et al. [3]], this scaling law is obtained by fitting the following functional form
to the compute-efficient frontier within a defined compute region of interest: I(c) = (¢/co)” ", with
co and v being the parameters to be optimized [4} 22]]. Figure [2] illustrates the obtained scaling



law (shown in blue) for the nanoGPT dataset in log-log scale. In this representation, the scaling
law assumes a linear form. In our study, we aim to estimate the scaling law within a compute-
efficient frontier defined for the compute range of 108 to 102° FLOPs (shown in black). As noted
by Hoffmann et al. [3] Figure AS5] the specific form of the I(c) scaling law depends on the compute
range of interest and the subset of learning curves considered, and can therefore vary accordingly.

3.2 Gaussian Process Model for Scaling Law Prediction

In our analysis, we employ the latent variable multi-output Gaussian process (GP) model proposed
by Ma et al. [24]], hereafter referred to as MaS?. In our modelling setup, ¢ indexes tasks and d indexes
data instances within each task, forming a bi-level hierarchy. As shown in Figure[T] ¢ may represent
embedding parameters, while d corresponds to the number of layers. Thus, models share embedding
parameters but differ in layer count, defining distinct model sizes n; computed from both quantities.
The generative model of Ma®? is specified as

g(x) ~ gP(Oa kg(x’ X/))v lzttj(X) ~ gP(g(X), kl<xa Xl))a
yl(x) = 13(x, ) + &, e ~N(0,0%), h,~N(0,I).

Each multitask output y¢ models noisy learning curves with independent and identically distributed
Gaussian noise ¢;. Each curve [¢(x) is drawn from a GP with mean g(x) and covariance k;(x, x’).
The shared mean function g(x) encodes prior information common to all tasks, with covariance
kq4(x,x’). To model correlations between tasks, a latent variable h, is introduced, distributed as
h; ~ N(0,I). The predictive distribution for new values 1* at inputs x* in vector-matrix form
can be approximated by ¢(I*|X*) = [ ¢(1*|X*, H)q(H)dH, with ¢(1*|X*, H) = N (1*|m,, K,).
Hence, the posterior predictive distribution over the zero-shot predicted learning curves is given by a
multivariate Gaussian distribution with mean m, and covariance K. This distribution represents
the predicted learning curves in our zero-shot setting. As a detailed derivation and discussion of this
model is beyond the scope of this paper, the reader is referred to Ma et al. [24].

3.3 A Probabilistic Approach to Scaling Laws

The generative scaling law in the log-log domain is given by 1'°%(c) ~ N(By + Bic,0?), with
coefficients 3y and 1. As detailed in Subsection [3.1} its form depends on the available learning
curves. Assuming Gaussian prediction error, we estimate 3y and [31 via Monte Carlo simulation over
R runs. Starting from N observed learning curves D= {(c,1%)}}¥ |, the Ma®" model is trained on
D in each run r € R to zero-shot predict M missing curves, yielding D* = {(c,1™*)}, for unseen
model sizes m;. In each run r, a scaling law is then fit to the compute-efficient frontier from DUD*,

and final estimates of 3y and /3 are obtained by averaging over R runs: 3, =1/r Zle p(B5 | D*)
and 1 =1/r52,2, p(B | D*) [64)

4 Defining Hierarchies in Natural Language Processing Datasets

In the following, we describe the hi-
erarchical structures of each dataset.
Hierarchies are exchangeable, as we
will show in the experimental section.
More details on the models are pro-
vided in Appendix B}

Learning Curves for Scaling Laws.
The nanoGPT¥¢ dataset used for
scaling law experiments is shown in
Figure 3] with learning curves defined
as loss over step size. For the final
experiments, these will be converted
to learning curves depicting the loss
as a function of compute. Each task
t corresponds to a row, with data in-
stances d across columns, forming the
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Figure 3: The nanoGPT"¥€® dataset. LCs for different combi-
nations of embedding parameters and layers are shown, with
the minimum achieved loss indicated above each curve.
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Figure 4: (left) Bilingual learning curve dataset. No data is available on the main diagonal. Light
blue squares indicate test-set performance curves. Dashed lines: learning curves from the fine-tuned
mBARTS50 model. Solid lines: learning curves from the Transformer model trained from scratch.
(right) Multilingual learning curve dataset. We perform few-shot extrapolation for the M2M100-1.2B
model, translating from Indonesian (id) into multiple target languages. The 615M and 175M models
correspond to two separate tasks under this assumption. Light blue sections of the curves mark the
extrapolated data points.

hierarchical structure illustrated in Figure[T] (left). Here, ¢ indexes embedding parameters and d the
number of layers, defining model size n;. Except for combinations 512-8 and 512-10, loss decreases
when the number of layers or embedding parameters is increased. (Additional evidence that loss
decreases with increasing model size can be found in Kaplan et al. [4] and Henighan et al. [21]].)
Consequently, this supports the assumption that including correlations among tasks into the modelling
process is beneficial for zero-shot prediction. Additionally, we experiment with a subset, referred to
as nanoGPT*™, containing learning curves for embedding parameter sizes 512, 960, and 1600, and
for layer counts 8, 12, 32, and 48.

Learning Curves for Bilingual Translation. The bilingual dataset is created by fine-tuning
mBARTS50 and training a Transformer on the EMNLP2021 dataset [65, 166, 67]]. Learning curves
(Figurefd] left) show translation performance in ChrF [68] over increasing dataset sizes. Each language
involved in the dataset introduces distinct linguistic properties, such as word order, morphological
complexity, and syntactic structure. The translation performance of a model is not only influenced by
the size of the dataset but also by these linguistic characteristics [69, 70, [71]. Prior work shows that
factors like typological similarity, dataset size, and source-language pretraining influence performance
outcomes [6l [7, |15} [72} [73]]. Additionally, in fine-tuning scenarios, model performance has been
shown to depend on whether the source language was part of the model’s pretraining corpus [74]].
Consequently, we structure the dataset hierarchically to improve prediction accuracy. Each task ¢
(row) corresponds to a translation from a specific source language. As a translation into a target
language is equally influenced by its linguistic properties, correlations among tasks d correspond to
correlations among target languages (Figure [I] (middle)).

Learning Curves for Multilingual Translation using Architectures of Various Sizes. Specifically,
we investigate extrapolating the learning curve of the largest, most expensive model, assuming
learning curves of smaller models are available. Curves represent BLEU performance over increasing
dataset sizes, which improves with model size [4]. Each task ¢ corresponds to translation from a
source language to target languages d using model size n; (Figure[T](right)). Figure[d] right, illustrates
translation learning curves from Indonesian into multiple target languages across different model
sizes. Leveraging correlations among curves of different model sizes for the same source-target pairs
is expected to improve prediction. Zero-shot prediction is not applicable for learning curves obtained
after multilingual fine-tuning, since all curves are already available. Therefore, we focus on few-shot
prediction for the 1.2B model to estimate expected performance over increasing dataset sizes, based
on the performance of smaller models and the available data points of the largest model.



5 Experiments

The code for all experiments will be made publicly available. Evaluation metrics are reported as
averages over ten independent runs for each model. The MaS? model is trained on z-score-normalized
learning curves and logarithmic step or dataset size values, but evaluated in the original domain.

Common Baseline for all Tasks - Deep Hierarchical Gaussian Processes. Hensman et al. [23]]
introduced the Deep Hierarchical Gaussian Process (DHGP) model capable of capturing patterns
in data by modelling a two-layer hierarchical relationship, specifically between tasks ¢ and data
samples d. Extending this framework with an additional hierarchy layer allows the model to identify
clusters, i.e., groups of similar tasks ¢ [23, 24]. More information about this model is given in
Appendix [C] DHGP is particularly suited for discovering clusters in the data, where each cluster
can be thought of as a group of tasks sharing similar characteristics (e.g., number of embedding
parameters). This is in contrast to Ma®P, which assumes that inter-task correlations exist and can
be captured through a latent variable. If such correlations are weak or non-existent, we expect the
hierarchical structure of DHGP to provide a more appropriate inductive bias than Ma®?, allowing it
to learn within-cluster trends effectively.

Additional Baselines for Each Task. In addition to evaluating DHGP, we include distinct baselines
for each task. This differentiation is necessary because the datasets vary in nature, and the correspond-
ing learning curves are structured differently in each setting. A brief introduction to each baseline is
given in Appendix [D] with more details provided in the following.

5.1 Zero-Shot Prediction for Scaling Law Research

The nanoGPT dataset comprises learning curves of loss evaluated s | aa | (s | oo | | so | 200

over 19,072 validation steps, corresponding to one complete pass an | (Lo | (0] |0 () |2
through the FineWeb-Edu (10B) dataset [75]. Due to computational aoo | [eee | [0 (N
constraints, the nanoGPT datasets are subsampled to 11 data points am | (2o | (000 6] (S A
per learning curve, resulting in discretised loss-compute learning | oo | (0 () (O

curves. We employ the train-test splits Quad and Tri, as illustrated
in Figure[5] Additionally, we consider a train-test split containing aar | as | (o2 | (Lo | | a0z | [ 200

only the learning curves of the largest five models in the test set, sz | {aos | Cane | Com | [ o | (06
referred to as T1. The largest models in the dataset correspond o | (G| (oo | (o | (D) (D
to the most computationally expensive ones; by predicting their sor | (oo | oo | [0 1058 ()
performance, we aim to derive accurate scaling laws at significantly e | (o | | [ ]

reduced computational cost.

Figure 5: Schematic show-
ing the train-test splits of the
nanoGPT'™2¢ dataset: Quad
(top) and Tri (bottom). Blue

Alternative Baseline - Bayesian Neural Networks. Bayesian
Neural Networks (BNNs) have shown promising results in zero-shot
learning curve prediction [18]. We compare two variants: BNN
(orig), which uses the originally proposed basis functions (vapor- X
pressure, Hill3, and logarithmic) adapted to model decaying learning ©¢cluded learning curves are
curves; and BNN (LC), which employs basis functions better suited the test data.

to capture decaying learning curves trends, namely the power law, exponential decay, and logarithmic
decay functions. The functional forms and illustrations of the used basis-functions are given in Ap-
pendix [E] Instead of a (conventional) hyperparameter configuration space, we model a configuration
space defined by the number of layers and embedding parameters, normalized to the range [0, 1]
between the smallest and largest model sizes. Based on previously observed training data, zero-shot
predictions are made for novel layer-embedding configurations in the test set.

Analysis of Zero-Shot Prediction of Learning Curves. The zero-shot prediction performance
of Ma®® and its baseline methods is shown in Table Across all metrics, MaS? consistently
outperforms the baselines. This result supports our core hypothesis that this NLP dataset exhibits
a hierarchical structure that can be effectively leveraged. As expected, reducing the dataset to
nanoGPT*™!! degrades Ma®"’s performance, reflecting the increased difficulty due to fewer available
learning curves for training. Among the BNN variants, BNN (LC) performs slightly better than
BNN (orig), though both show the weakest overall results, likely due to the limited training data.
For consistency, all models were evaluated using a fixed sample size of 11 points per learning curve.
In comparison, the smallest dataset used in Klein et al. [18] contained 256 configurations, whereas
the largest dataset in our study comprises only 29 learning curves, each with 11 data points. This



limitation also explains why we Table 1: Zero-shot prediction performance of Ma®?, DHGP, BNN

do not report BNN results for
T15mall on this dataset. Never-
theless, model performance can

(orig), and BNN (LC) on the nanoGPT'¥#¢ dataset (Train-Test
(TT) splits: Quad, Tri, T1) and zero-shot performance on the
nanoGPT*™!! dataset (TT split: T1°mah)

be substantially improved with

! th " Method TT IMSE IMAE JMNLPD
more data points. As shown in e Quad n n n
Appendix [l Fioure E-3 all error a ua 0.03+0.01 0.12+0.02  2.58+2.56
pl; ndix[B) Fig @th DHGP Quad  0.07+0.00 0.20+0.01 3.25 +0.24
IMEIrics 1mprove once e sam-  pNyN(LC)  Quad  10.69+0.43  2.82+£0.03  596.05 £ 23.79
ple size exceeds approximately — BNN (orig) Quad ~ 13.96£0.75  3.06+0.05 77895+ 41.90
100 data points. It should also be  —\rop Tri 0.02+001 0.10+002  0.87+0.29
noted that the relatively high pre-  pygp Tri 0.07£0.00 0.194+0.00  1.85+0.63
diction uncertainty is primarily ~ BNN (LC) Tri 11.024+0.47 2824004  612.30 & 26.22
due to the inherent noise in our ~ BNN (orig) Tri 13.67+£0.82  3.03+£0.06 759.96 + 45.42
learning curve dataset. MaCP Tl 0.04+005 012+0.08 080+1.54
. . DHGP T1 0.08+0.00  0.18 % 0.00 0.87 + 0.09
A detailed overview of the perfor- — puxiy o) 1039+ 0.86  2.70+0.07  590.54 + 48.97
mance on the last predicted data  pNN (orig)  T1 1405139  3.00+0.12  798.85 + 79.19
point, as well as the last three =Gy Timal 0.08+0.00 021+000  0.50+0.06
data points in the zero-shot pre-  ppp Tl 0.1140.00  0.21 + 0.00 0.99 + 0.42

diction setting, is provided in Ap-

pendix [Hl An error analysis of these points highlights whether the trend of each learning curve
was captured accurately. In both cases, Ma®® significantly outperforms the other methods on the
nanoGPT!¥¢¢ dataset and exhibits comparable performance on the nanoGPT*™! dataset.

In our initial experiments, we set the
number of embedding parameters as
the first hierarchy and the number of
layers as the second. But are these
hierarchies interchangeable? To val-
idate our additional hypothesis that
hierarchies are indeed exchangeable,
we present results for the MaS? and
DHGP models in Table 2} Here,
each number of layers defines a task
t, while models with the same layer
count but different numbers of embed-

Table 2: Zero-shot prediction performance of MaS? and
DHGP with exchanged (exch) hierarchies on nanoGPT!¥2®
for train-test (TT) splits Quad, Tri, and T1.

Method TT JMSE JMAE JMNLPD

Ma%? exch  Quad 0.044+0.04 0.11+0.07 1.82+£2.23
DHGPexch Quad 0.11+£0.00 0.26 +£0.01 0.34 £ 0.02
Ma%P exch  Tri 0.02+0.01 0.09+0.03 0.37+0.79
DHGP exch  Tri 0.13+£0.05  0.29 £0.06 0.48 £0.16
MaSP exch Tl 0.01+0.02 0.08+0.04 —-0.88+0.58
DHGP exch TlI 0.16 £0.02  0.34 £0.02 1.18 £0.43

ding parameters form the second hierarchy level d. The results show that MaSP® still outperforms the
baseline when the hierarchy is exchanged, supporting our hypothesis. Subsequent experiments and
analyses continue with the original hierarchical assumption illustrated in Figure [T}
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Figure 6: Predicted learning curves (red) using training curves (green) for Quad (left) and Tri (right)
training-test splits in a single run. Dashed blue lines show the predicted scaling laws; solid blue lines

show the ground truth scaling law.



Scaling Law Analysis. Table 3: Predicted scaling laws and Area between Curves (AbC) to the
Figure [6] shows the Quad ground truth law (—0.056¢ + 3.51), averaged over 10 runs for different
and Tri train-test splits and Train-Test (TT) splits. Reported (compute) costs for obtaining the
the predicted scaling law training data are given in PetaFLOPs (full nanoGPT'¥¢: 6.081 x 10°
derived from the predicted PetaFLOPs).

learning curves D* and the ~r Predicted Scaling Law JAbC 1Cost

available training data D for
a sinele run V%e consider Quad (—0.043 +0.002)c + (2.957 +0.074) 0.521 £0.069 1.28- 10°
g : Tri  (—0.052 + 0.005)c + (3.352 + 0.202)  0.160 + 0.172  2.06 - 10°

a compute range between (050 + 0.006)c + (3.636 +0.245) 0.11140.222 5.15- 10°
10'% and 10%° FLOPs. Note

that due to using a subset of the full dataset, the ground-truth scaling law for nanoGPT'*#¢ differs from
that in Figure[2] which was obtained from a larger dataset of 90 learning curves. Recent scaling law
studies typically estimate the blue scaling law using the full dataset, D U D*, by exhaustively training
all models rather than leveraging zero-shot prediction to reduce computational cost. These results
serve as the ‘ground truth’ baseline. The compute-efficient frontier appears discretised rather than
smooth because each learning curve contains only 11 data points. Using Monte Carlo averaging over
10 runs, the resulting predicted scaling laws are summarized in Table[3] Additionally, to quantify the
deviation between the predicted and ground-truth scaling laws, we compute the Area between Curves
(AbC) metric, where AbC € (0,00). The concept is illustrated in Appendix [F| For consistency,
AbC is evaluated over the compute range 10'3-10%2 FLOPs, with smaller values indicating closer
alignment between predicted and ground-truth scaling laws. For each train-test split (TT), the slope
coefficient is estimated with higher certainty than the intercept, which shows greater variability.
As expected, increasing the amount of training data reduces the mean AbC but also increases its
uncertainty. While the Quad split is the most compute-efficient in terms of training data acquisition,
it yields the highest AbC. In contrast, the Tri and T1 splits achieve lower AbC values but at the cost
of higher predictive uncertainty. This motivates the question of whether a more informative train-test
split strategy can be designed. To explore this, and inspired by active learning, we investigate the
effect of different query strategies on AbC performance [[76, 77 [78].

Analysis of Various Query Strategies. We begin with an initial training set of learning curves
D from the nanoGPT!¥"¢® dataset, consisting of one curve per task ¢ corresponding to the smallest
layer size (i.e., the first column in Figure [3). At each iteration, one additional learning curve is
queried according to a predefined query strategy. After each query, the Ma®" model is retrained on
the existing training set D together with the newly queried curve. Subsequently, the test set curves D*
are predicted (these are the remaining curves in the nanoGPT'¥¢ dataset). Predictions are averaged
over 10 runs to capture variability. Following each prediction step, a scaling law is fitted, and its
performance is assessed using the AbC metric.

We evaluate four query strategies. The first, Largest First, selects the learning curve corresponding to
the largest model from the test set; the second, Smallest First, selects the learning curve corresponding
to the smallest model; the third, Active Learning, queries the most uncertain learning curve based
on predictive variance; and finally, we use Random Order for a random choice of the next learning
curve to be queried. For the Active Learning strategy, the predictive mean 1™:* of each learning
curve is obtained by averaging over 10 runs. The variance at each sample point is then computed as

10 k Tmae\ 2 . . .
var=1/10)",7, (I™#* —1™i*)". Finally, the mean variance per learning curve, denoted as mvar, is
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calculated by averaging over its 11 sampled points: mvar=1/11 j—1 Varj.

The results of these query strategies, along with a cost analysis over the number of queries, are
presented in Figure[7] Querying according to Active Learning consistently results in more certain
AbC values across runs. Moreover, these values are either below the other query strategies (e.g.
Smallest First) or comparably high (e.g. Largest First). In contrast, random querying introduces
a substantial variability and uncertainty into the predictions made by Ma®". Although the Largest
First strategy achieves AbC values similar to Active Learning, it incurs higher computational cost
and larger standard deviations. Overall, averaged over 10 runs, Active Learning produces the most
confident learning curve predictions and the most reliable predicted scaling laws. For all query counts,
the AbC from Active Learning remains consistently below (or comparable to) that of the initial
training set (query number 0), a property not shared by the other strategies. The order of queried
LCs for each scenario is illustrated in Appendix [J} Additionally, Appendix [[} Figure [.T] presents AbC
values as a function of computational cost.
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Figure 7: AbC over queries using various query strategies and a cost analysis.
5.2 Zero-Shot Performance Prediction for Bilingual Translation

To further support our core hypothesis that learning curve datasets exhibit hierarchical structures, we
conduct additional zero-shot prediction experiments using bilingual translation data. The correspond-
ing train-test split is illustrated in Figure [ (left). While the figure shows learning curves measured in
ChrF as a function of dataset size, we also evaluate zero-shot prediction performance using BLEU
scores. Unlike the nanoGPT dataset, this dataset is considerably noisier and more variable, with
each learning curve containing between 11 and 17 points, depending on the available data for each
source-target language pair.

Alternative Baseline. Assuming correlations among learning curves sharing the same source s’
or target ¢’ language, we define a naive baseline (NBL) as the average curve over these respective

sets for a language pair s't’ of interest, given by: 1/2 (1/8 Zle Ly + Y1 Z;‘ll lslt), for s’ # s and
t' #t, where S and T denote the number of available source and target languages, respectively.

The results are shown in Figure[8] BLEU and ChrF performances are not directly comparable due to
differing scales. MaS? exhibits higher predictive uncertainty when forecasting BLEU learning curves
but consistently outperforms all baselines in terms of mean RMSE. NBL shows substantial variability,
indicating that simple averaging over source and target language curves fails to capture meaningful
correlations. While DHGP improves over NBL, it still displays heightened predictive uncertainty.
These findings confirm our core hypothesis that modeling bilingual translation tasks with two-layer
hierarchical structures allows the model to leverage correlations among tasks, enhancing prediction
accuracy. Further analysis is provided in Appendix [K]and Appendix [} and results for exchanged
hierarchies supporting our additional hypothesis are in Appendix
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Figure 8: Zero-shot performance prediction on the bilingual dataset.
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Figure 9: Few-shot performance prediction on the multilingual dataset, extrapolating the last nine
data points of each learning curve for the M2M100 1.2B model. The extrapolated learning curves
show performance over dataset size for translations into a common target language.

5.3 Few-Shot Performance Prediction for Architecture Design

To provide a final experimental setting for validating our core hypothesis, we conduct few-shot
performance prediction of learning curves across various model architectures in multilingual transla-
tion. We assume that learning curves from already fine-tuned M2M 100 models of sizes 175M and
615M are available. Using these, we extrapolate the final nine missing points of the 1.2B model’s
learning curves, corresponding to the largest dataset sizes. This allows us to assess whether collecting
additional data for translation into specific target languages or from particular source languages is
justified, based on the predicted performance. The extrapolation leverages both the learning curves of
the smaller models and the initial performance values of the largest model.

Alternative Baseline. We define a naive regression baseline (NRBL) as a non-linear regression
model trained on the available initial training data points of the 1.2B model, together with the
complete learning curves of the 175M and 615M models. This model fits several functional forms to
the training data, including a vapor-pressure function, the MMF function, a power law function, and
a logarithmic function. These functions are given in Appendix O] The reported performance is the
average across these fitted model.

Figure 0] shows the extrapolation performance when predicting into a common target language. Using
Ma®?, we consistently outperform the baseline models in terms of RMSE, despite higher predictive
uncertainty. The highest uncertainty is observed for learning curves predicting performance over
dataset size for Tagalog (#/) as a target language. Nevertheless, mean predictions across all languages
and translation scenarios achieve RMSE values superior to the baselines. These results confirm that
incorporating hierarchical assumptions and leveraging correlations among tasks enhances prediction
performance. Further analysis is provided in Appendix [N] The hierarchical structures in this setting
are exchangeable as demonstrated in Appendix [N] This aligns with the previous results and confirms
our additional hypothesis.

6 Conclusion

We demonstrate that framing learning curve prediction tasks in natural language processing as multi-
task problems, in which each task is organized according to a two-layer hierarchical structure and
correlations among tasks are leveraged, leads to substantial improvements in zero-shot prediction
performance. Through experiments across three small-scale datasets, we provide empirical evidence
supporting our core hypothesis that learning curve datasets in NLP inherently exhibit a bi-level hierar-
chical structure. Furthermore, our results show that these hierarchies are exchangeable, highlighting
the robustness and flexibility of the hierarchical modeling approach in capturing underlying task
relationships and enabling accurate prediction even when the ordering of hierarchical levels is altered.

Building on the MaS? framework, we further demonstrate that probabilistic scaling laws can be
derived through Monte Carlo simulation, supporting our final hypothesis. By employing an active
learning strategy, we observe a notable reduction in model uncertainty on average, and the resulting
predicted scaling laws closely align with the ground truth, highlighting the effectiveness of combining
hierarchical modeling with principled uncertainty quantification.

Further discussion and additional details on computational complexity are provided in Appendix
and Appendix [P] respectively. An impact statement and limitations are given in Appendix [A]
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Claims substantiated throughout the experiment descriptions in Section 5,
backed up by corresponding figures and tables. Scope of the paper’s sections is aligned with
abstract and introduction.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The limitations are discussed in the a separate section, which is placed in the
appendix/supplementary material given the current page limits.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

¢ The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [NA]
Justification: [NA |
Guidelines:

» The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The experimental details are briefly outlined in the paper at the beginning
of Section 5; each section then refers to additional sections placed in the supplementary
material which provide additional details for reproducibility. Code will also made publicly
available upon acceptance.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.
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5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: All code as well as created data will be made publicly available upon accep-
tance, accompanied with detailed instructions of how to use code and data. All models that
have been used as well as publicly available datasets have been referenced accordingly in
the paper.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/pu
blic/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: A brief overview is provided in the experimental section of this paper (Section
5), with references to additional sections placed in the supplementary material (given page
limitations) and also introduced and described in Section 4.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Justification: we provide the mean and standard deviation over a set of runs,
typically 10 experiments to indicate the statistical significance.

Guidelines:

* The answer NA means that the paper does not include experiments.
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8.

10.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Information provided in the supplementary material.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]
Justification: No violations of the code of ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Individual section, currently located in the supplementary material given the
page limits.
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Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

* Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: [NA]
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All assets (datasets and models) are properly credited via references to either
the assets themselves or the corresponding publications.

Guidelines:
» The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

21



13.

14.

15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, paperswithcode.com/datasets|has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: Datasets consisting of a set of learning curves that have been introduced will be
made publicly available under an appropriate license upon acceptance, and correspondingly
discussed.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: [NA]
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: [NA|
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

22


paperswithcode.com/datasets

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: [NA|
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Impact Statement and Limitations

Impact Statement. Considering the performance achieved with limited computational resources
and a small number of samples per learning curve, these results demonstrate the superiority and
strong potential of MaS? for zero-shot prediction.

In the context of scaling laws, the proposed approach offers a cost-efficient strategy for determining
scaling behaviors while providing valuable uncertainty estimates. When combined with active
learning, it enables an effective trade-off between uncertainty reduction and computational cost.

For bilingual translation tasks, assuming performance curves for certain datasets are already available,
the proposed framework can save expensive training and testing times via zero-shot performance
prediction of bilingual translation performances for other language-pairs of interest.

The implications for architecture design are substantial. In particular, Ma®", within our experimental
setting, can support informed decision-making regarding dataset sizing to meet specific performance
objectives when deploying larger model architectures.

Limitations. Due to computational constraints, we were limited to 11 sample points per learning
curves for the scaling law experiments, and a five times six grid of learning curves. While our results
already demonstrate the advantages of Ma®?, we suspect that more sampling points and larger grid
could show additional interesting insights using this framework.

Another current limitation of Ma®? is the interpolation across the architectural grid. Specifically, our
dataset is structured on a fixed grid defined by the number of layers and embedding parameters. As a
result, the model in its current form cannot interpolate to unseen values of embedding parameters.
Interpolation across unseen numbers of layers is technically feasible, but it would yield an averaged
estimate between the nearest known configurations, which may not reflect true model behavior. We
see this as a promising direction for future work and plan to investigate more flexible representations
to address this limitation (e.g. w/ meta parameters).

The variance-based active learning strategy explored in our work focuses on reducing the uncertainty,
independent of associated compute costs. Note that there exist many different ways how the cost-
function in the active learning process could be structured, but this is outside the scope of this paper.
We see the design of cost-terms that consider trade-offs like compute-vs-uncertainty-reduction as an
interesting direction of future work.

B Newly Created Datasets and their Specifications

B.1 Scaling Laws

nanoGPT. We train all nanoGPT models [63] on the 10B token split of the FineWeb-Edu
dataset [75]] using four NVIDIA A100 (830GB) GPUs. A learning rate of 6 - 10~* is applied with
linear warm-up and cosine decay scheduling, a minimum learning rate of 5 - 10~%, and a total batch
size of 524,288.

NanoGPT was introduced in 2022 and is a minimal, educational implementation of GPT (Generative
Pre-trained Transformer) [[79]. The model implements the standard GPT architecture with, multi-head
self-attention mechanisms, feed-forward networks, layer normalization, positional embeddings and
Transformer decoder blocks. This architecture is representative of the Transformer-based models
widely used in state-of-the-art natural language processing. Since its introduction, it has been used to
conduct research on novel model architectures [[80], on topographic models [81]] and on numerical
reasoning [82]] (among others).

B.2 Bilingual Translation

mBART. mBARTS50 is a multilingual sequence-to-sequence model trained with a denoising ob-
jective over 50 languages, using special language tokens to indicate the desired target language for
generation. At decoding time, a token ID must be specified to direct the model to translate into the
appropriate target language. Following the approach of Lee et al. [74]], we select related languages
for tokenisation in cases involving unseen languages. Based on syntactic and phylogenetic proximity,
for example, the id tokenizer is applied for both jv and ms [83) 84].
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To generate a new dataset of learning curves for bilingual translation, we fine-tune the mBARTS50
model using the HuggingFace implementation [85]. Fine-tuning is performed on NVIDIA A100
GPUs for one epoch [86], with a learning rate of 5 - 1072, a dropout rate of 0.1, maximum sequence
lengths of 200 for both source and target texts, and a batch size of 10. For decoding, beam search is
employed with a beam size of 5. For each language direction, the encoder-decoder parameters are
initialized from the pretrained mBARTS50 model’s corresponding encoder and decoder components.

Transformer. To create a new dataset of learning curves for bilingual translation using Transformer
models, we use the implementation provided by fairseq [87] and train on NVIDIA A100 GPUs.
Depending on the size of the training dataset, two model configurations are employed. For datasets
containing fewer than 10k parallel sentences, the model architecture comprises 3 encoder and 3
decoder layers, each with embedding dimensions of 512 and 2 attention heads. For dataset sizes
equal to or exceeding 10k parallel sentences, the architecture consists of 6 encoder and 6 decoder
layers, with an embedding dimension of 256 and 2 attention heads [[74].

Training is initiated with a learning rate of 1 - 1072, a weight decay of 1 - 10~#, a dropout rate of 0.4,
and a batch size of 32. Early stopping is applied based on the validation loss. Input sequences are
tokenised into subword units using SentencePiece [88]]. For decoding, beam search with a beam size
of 5 is employed.

Train-Test Dataset. We use the small track dataset from the EMNLP2021 shared task on large-scale
multilingual machine translatiorﬂ for fine-tuning mBARTS0 [74] and training the Transformer model
[66]. This dataset consists of sentences extracted from the OPUS corpusﬂ which encompasses data
of varying quality across multiple domains. The languages contained in this dataset are Tamil (fa),
Tagalog (1), Malay (ms), Javanese (jv), Indonesian (id) and English (en). The number of sentences
available for each translation pair varies, reflecting a realistic scenario with learning curves of variable
lengths for model evaluation. Consistent with the original shared task, we employ the Flores101
dataset [89]] as the test set and report BLEU [90] and ChrF scores.

The total number of sentences available for each language pair are given in Table[B.I] Our learning
curves exclusively represent low-resource scenarios for the language pairs id-jv / jv-id, id-ta / ta-id,
jv-ms / ms-jv, jv-ta / ta-jv, jv-tl / tl-jv, ms-ta / ta-ms, and ta-tl / tl-ta (denoted as LR in Table [B.T].
Among these, the language pairs jv-ms / ms-jv, jv-ta / ta-jv, and ms-ta / ta-ms will represent extremely
low-resource scenarios (eLR). Consequently, the dataset provides 14 out of 30 language pairs that
reflect real-world conditions of limited bilingual corpora availability, meaning no sufficient additional
data is available to create a learning curve data point indicative of a high-resource setting for these
pairs. It is important to note that all learning curves data points correspond to extremely low-resource
conditions for dataset sizes below 0.5 million sentences, and to low-resource conditions for sizes
below 1 million sentences. Only 16 out of the 30 language pairs will have performance data points

"https://www.statemt.org/wmt21/large-scale-multilingual-translation-task.html
*https://opus.nlpl.eu/

Table B.1: Total number of available sentences per language pair, sorted from largest to smallest.

Language Pair No. Sentences
en-id / id-en 54,075,906
en-tl / tl-en 13,612,416
en-ms / ms-en 13,437,738
en-jv/jv-en 3,044,926
id-tl / tl-id 2,743,314
id-ms / ms-id 2,000,000
en-ta / ta-en 2,115,938
ms-tl / tl-ms 1,358,493
jv-tl/ tl-jv 817,149
id-jv / jv-id (LR) 780,125
ta-tl / tl-ta (LR) 563,342
ms-ta / ta-ms (LR) 372,631
jv-ms / ms-jv (eLR) 434,714
id-ta / ta-id (eLR) 500,000
jv-ta/ta-jv (eLR) 66,000
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available for high-resource bilingual machine translation settings, i.e., dataset sizes of above 1 million
sentences.

A low resource-setting can occur if either the language or the domain of interest are low-resourced
[91]. LRL could be threatened or endangered languages for which little spoken/written (linguistic)
resources or datasets, or number of native speakers/experts are available [91} 192} |93]].

B.3 Multilingual Translation

In multilingual neural machine translation, the objective is to train a single model capable of translat-
ing between multiple language pairs [94]. Such multilingual models offer practical advantages, as
they reduce the total number of models and overall model parameters required, thereby simplifying
deployment (compared to bilingual machine translation). Additionally, multilingual NMT models pro-
mote transfer learning: when low-resource language pairs are trained alongside high-resource pairs,
the shared representations and parameter sharing can lead to notable improvements in translation
quality for the low-resource languages [95, 96, [97].

Traditionally, neural machine translation systems have been predominantly English-centric, with
most training data involving English as either source or target language. However, this does not
reflect the broader translation needs of global users [94]. To address this limitation, the M2M 100
model was developed.

M2M100. This model is capable of translating directly between any pair of 100 languages without
relying on English as an intermediate [94]], supporting 9,900 translation directions. To pre-train
M2M100, a large-scale dataset was constructed through extensive mining of parallel corpora, en-
compassing a wide range of language pairs beyond those involving English. This dataset enables the
model to learn direct translations between numerous language combinations.

We construct a new dataset of learning curves derived from the 175M, 615M, and 1.2B parameter
M2M-100 models, fine-tuned on the EMNLP2021 dataset. M2M100 models are built using the
Transformer architecture [66] and implemented via fairseq [87]. We employ the Adam optimizer
with parameters 51 = 0.90, S = 0.98, and a weight decay of 0.0001. The training objective is the
label-smoothed cross-entropy criterion with label smoothing of 0.1. The initial learning rate is set to
0.0003, scheduled by the inverse square root learning rate scheduler with 2,500 warm-up steps. The
batch size (number of tokens) is 4096 x 32 for the 175M model, and 2048 x 64 for both the 615M
and 1.2B models. Additional architectural details are provided in Table[B.2}

Train-Test Dataset. We use the same train-test dataset as in Appendix[B.2]

Table B.2: M2M architecture configurations.

Model Size 175M  615M 1.2B
Vocabulary Size 256K 256K 128K
Word Representation Size 512 1,024 1,024
Feed-forward Layer Dimension 2,048 4,096 8,192
Encoder/Decoder Layers 6 12 24
Attention Heads 16 16 16
Dropout Rate 0.1 0.1 0.1
Layer Dropout Rate 0.05 0.05 0.05
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C The Generative Model of DHGP

MaC® introduces an additional latent variable h to model correlations among tasks ¢, allowing it to
capture cross-task dependencies. In contrast, DHGP does not rely on this shared latent representation.
Instead, it leverages a hierarchical modeling approach defined as

f(x) ~ GP(0, ks (x,x))

9(x) ~ GP(f(x), ky(x,x))

I(x) ~ GP(g(x), ku(x,x"))

y(x) =1(x) +¢, €~ N(0,0%).

Following and inspired by the approach of Hensman et al. [23]], we interpret f as a general function
capturing global learning curve trends across tasks. The next level, g, captures variations due to a
coarser factor, i.e., the number of embedding dimensions. At the lowest level, [ models individual
learning curves, which vary with the number of layers.

D The Reasoning Behind Additional Baselines for Each Experiment

For the nanoGPT!"¢¢ dataset, we have access to a sufficient number of learning curves and data
points, making a Bayesian Neural Network (BNN) a valid and effective baseline. This choice is
further motivated by prior work, such as Klein et al. [[18]], where BNNs were successfully applied for
learning curve extrapolation and zero-shot prediction.

In contrast, applying a BNN in the bilingual translation setting is more challenging. While we
explored modeling the learning curves as a function of source and target language pairs, the BNN
struggled to generalize and capture the upward trend in learning curves. Also note, we only have 25
learning curves for training, and each source and target language is only 5 times represented, which
given the noisy nature of this dataset (see main paper, Figure [d} left) is not enough training data to
perform well.

Given the assumption that source and target languages may share structural similarities, we instead
opted for a simpler and more robust baseline: averaging available learning curves across source and
target languages. This approach offers a language-agnostic approximation of performance trends.

The final experiment involves an extrapolation task, where we predict learning curves from a single
source (or target) language into five different target (or source) languages. Unlike the bilingual
translation setup, the training grid in this scenario is defined by three distinct model sizes (see main
paper, Figure [ right). The dataset for this experiment contains only 15 learning curves, which is
(again) insufficient for effectively training a BNN to generalize. Hence, a regression-based baseline,
such as polynomial or power-law fitting, is a more suitable and reliable choice.

E More Information on Bayesian Neural Networks

BNN LC uses the following basis functions

fop(@)=a-e ™ +ec, falz)=a-(z+ 10*5)"’ +¢,  fog(®) =a—1b-log(x+107°) +¢

Exponential Decay Power Law Decay Logarithmic Decay

(]'08,00 0.25  0.50 0.75 1.0(?'08,00 0.25 0.50  0.75 1.0(5)'08.00 0.25 050 0.75 1.00
X X

Figure E.1: Samples of basis functions used for BNN LC.
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Figure E.2: Samples of basis functions used for BNN orig.

with samples given in Figure [E.1]

We adjusted the originally used basis functions, designed for the extrapolation of increasing learning
curves to

b -5
fVapor(x) = exp <—exp (—a — m —c- 10g<.’13 + 10 ))> )

_ c+a-log(bz + 10710)

fiog(z) =1

fim(z) =1—-a-

with samples given in Figure[E2]

For the experiments in the main paper, due to computational constraints, each nanoGPT learning
curve is subsampled to 11 data points. These 11 data points are equally distributed in log-step size
space to be fit using Gaussian Processes. For a fair comparison, we keep this transformation for the
BNN model. However, changing the sample size to be equally spaced in normal domain leads to
increased performance in terms of RMSE of to below 2.0 as demonstrated in Figure [E3]

—4— BNNLC
2.0 —4— BNN orig 2.0
1.5
s3]
T
=
1.0
0.5
10! 10 103 10t 102 103
Number of Samples Number of Samples
51
800
600
g w3
= 2]
Z =
=1 4
400 2
14
200
01
10! 102 103 10! 102 103
Number of Samples Number of Samples

Figure E.3: Zero-Shot BNN performance for increasing sample sizes per learning curves.
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F More Information on the Introduced Metric: Area between Curves

The Area between Curves (AbC) is illustrated in Figure[F.1] 3.00

In order to apply this measure, one needs to define an AbC gosl e l(;lf(u;li Tjg%};7 a2
range of interest. In this case, it is 10'% to 10**> FLOPS R Pr(‘;h‘; 1 o
(shaded area). 2501 T Jlen(e) = —0.029c + 2,96
2.251 Area Between Curves
G Extended Literature 2007
1751 LT
G.1 Scaling Laws 1501 S
The recent surge in scaling law research offers several 1251
benefits, including improved interpretability of neural net- 1.00 T e me
works [55}156,157]], more effective training dataset size ac- C

quisition, and a reduced carbon footprint [36} 58]. While

theoretical approaches have been developed to facilitate Figure F.1: Area between Curves (AbC)
the prediction of scaling laws for only a limited num- for the compute range of interest being
ber of architectures [53, 98] [99], the majority of suc- 10! to 1023 FLOPS (shaded area). The
cessful methods for predicting scaling behavior across ground truth scaling law is compared to
a wide range of networks are based on empirical studies an example of a predicted LC.
(31142111571 58,1591 |60 [611, [62]].

Scaling laws depict a functional form f(z) that characterizes the development of a performance
measure, such as validation loss L, relative to a scale, which may refer to compute C', the number of
samples in the dataset D, or the number of parameters in the model N. In an empirical approach,
LCs are generated, and the parameters of the functional form f(z) = Sxz® 4 c are then estimated, for
x being the scale of interest, ¢ denoting the irreducible loss [21,[59] and f(-) being the functional
form of its performance measure [100]. As shown by Hoffmann et al. [3| Figure A5], depending on
the compute range of interest, the slope of L(C') in the log-log domain will vary.

Scaling laws operate under the assumption of an ideal scenario where increasing dataset size cor-
responds to having consistently same-quality data available. However, as noted in Muennighoff
et al. [1O1], this is not the reality for most languages, where available data is limited, leading to
data-constrained large language models (LLMs). Even for English, high-quality data is predicted to
be exhausted by 2024 according to the Chinchilla scaling laws, given the current trend of training
ever-larger models [102]. In data-limited regimes, strategies such as repeating data can alter scaling
law behavior. Moreover, as mentioned in Kaplan et al. [4], scaling law trends must eventually level
off, a phenomenon that a straightforward power-law trend cannot predict. In certain cases, such as
discriminative models like image classifiers, clear scaling laws do not emerge, and performance may
plateau even as dataset or model size increases [103].

G.2 Active Learning

Active learning (AL) enables a machine learning model to achieve better accuracy with fewer training
instances, when the model chooses the training data to learn from. It also leads to significant cost-
reductions in scenarios, where labeled data is expensive to obtain [77], i.e., perfectly suited for scaling
law research or expensive bilingual or multilingual translation performances. AL is a widely used
method in areas such as recommender systems [[104]], natural language processing [[105]], medical
imaging [106] or image processing [[LO7]].

AL strategies query either single data points [108] or batch data points [109]. When acquisition
functions are based on a model’s uncertainty, they are called model-based [110]. One goal of these
functions is to minimize the expected predictive loss of the model [110]. In our scenario we assume
10 runs, i.e., a committee of 10 MaS? models, whose predictive uncertainty we aim to reduce. We
define the maximum disagreement of the models by the largest average (per sample point) variance
per learning curve.
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H Zero-Shot Performance Prediction for Probabilistic Scaling Laws

We are particularly interested in the prediction performance at the final data points of each learning
curve, as these indicate the values to which the zero-shot predicted learning curves are expected to
converge. An error analysis of these points highlights whether the overall trend of each learning curve
has been correctly captured. The results of this analysis are reported in Table and Table
On the nanoGPT'¥2¢ dataset, Ma®" achieves a substantial improvement over all competing methods,
while on the nanoGPT*™! dataset it maintains performance comparable to the best baselines.

Table H.1: Zero-shot prediction performance on the last extrapolated point using Ma®’, DHGP,
BNN (orig), and BNN (LC). Results are shown for the nanoGPT™¢® train-test (TT) splits Quad, Tri,
and T1, and for T15™! on the nanoGPT*™! dataset.

(*: Exploding MNLPD values caused by excessive uncertainty and limited training data.)

Method TT IMSE IMAE IMNLPD
Ma®P Quad 0.01+£0.01 0.07+0.03 -0.93+1.43
DHGP Quad 0.03+0.00 0.17+0.00 0.51 +0.08
BNN (LC) Quad 14444221  3.79+0.29 *

BNN (orig)  Quad 23.79 £ 3.58  4.86 +0.38 *
MaS? Tri 0.00+0.00 0.06+0.02 —1.27+0.21
DHGP Tri 0.02+0.00 0.154+0.00 —0.22+0.13
BNN (LC) Tri 15.26 £3.22  3.88 +0.41 *

BNN (orig) Tri 22.32+3.18 4.71+0.34 *
MaS? T1 0.00+£0.01 0.05+0.05 —1.08=+0.92
DHGP T1 0.01+0.00 0.124+0.00 —0.67+0.02
BNN (LC) T1 15.52 £3.42 3.924+0.40 434.26 +32.64
BNN (orig) T1 24.22+5.22  4.90+0.52 532.18 +86.57
Ma®P Tlsmall 0.054+0.00 0.22+0.00 —0.03+0.01
DHGP Tlsmall 0.044+0.01 0.19+0.00 —0.23+0.04

Table H.2: Zero-shot prediction performance on the last three extrapolated points using MaS?,
DHGP, BNN (orig), and BNN (LC). Results are shown for the nanoGPT'#€ train-test (TT) splits
Quad, Tri, and T1, and for T1°™" on the nanoGPT*™!! dataset.

(*: Exploding MNLPD values caused by excessive uncertainty and limited training data.)

Method TT IMSE IMAE IMNLPD
Ma®P Quad 0.00+£0.01 0.06+0.03 —-1.11+1.12
DHGP Quad 0.03+0.01  0.1540.00 0.14 +0.07
BNN (LC) Quad 14.26 +2.16  3.76 +0.28  480.69 + 9.49
BNN (orig)  Quad 23.85+3.36 4.86+0.35 582.48 + 49.97
MaSP Tri 0.00+0.00 0.06+0.02 —-1.30+0.18
DHGP Tri 0.02+0.00 0.144+0.00 —0.384+0.10
BNN (LC) Tri 15.06 £3.09 3.85+0.40 472.28 +20.15
BNN (orig) Tri 2244 +3.04 4.72+0.33 549.79 + 44.15
Ma®P Tl 0.01+£0.02 0.07+0.08 —-1.08+0.95
DHGP Tl 0.01+0.00 0.094+0.00 —0.77 £ 0.02
BNN (LC) T1 15.10+3.27 3.86£0.39 442.54 + 37.73
BNN (orig) T1 24.06 £4.84 4.88+0.49 564.10 £ 90.25
Ma®P Tlsmall 0.02+0.00 0.12+0.01 —0.54+0.03
DHGP Tlsmall 0.02+0.00 0.12+0.00 —0.54+0.06
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I AbC Values as a Function of Computational Costs

Figure [T| presents AbC values as a function of computational cost. From a cost perspective, Smallest
First remains competitive with Active Learning when higher uncertainty is acceptable. Beyond 2 - 10°
PetaFLOPs, its mean AbC value drops below that of Active Learning. In contrast, Largest First yields
mean AbC values exceeding those of Active Learning after the third query, while Random Order
exhibits high instability. Considering queries relative to compute costs, Smallest First enables more
queries for the same PetaFLOP budget at the expense of higher uncertainty, whereas Active Learning

achieves greater certainty at a higher cost.

1.0

Area between Curves

1.0

Area between Curves

Figure I.1: AbC over cost in PetaFLOPs using various query strategies and a cost analysis.
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J More Information about Query Order of used Query Strategies

Figure[IT| shows the order various query strategies were using when querying the next learning curve.
0 are the learning curves in the initial training dataset. Using the active learning strategy results
in more certain learning curve predictions and translates into more certain scaling law predictions

(compare main paper).
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K Zero-Shot Performance Prediction for Bilingual Translation (Random
Train-Test Split)

The train-test split in the main paper follows a structured pattern to ensure that each row and column
of the dataset is missing exactly one language pair. In addition, we conducted experiments using
a random train-test split. The zero-shot prediction performance under this setting is reported in
Table[K.1] A further analysis of the prediction performance for the last value and the last three values
is provided in Table and Table respectively. All experimental settings were otherwise kept
as in the main paper.

All results show that MaS? outperforms the baseline method DHGP.

Table K.1: Performance for zero-shot prediction on the bilingual dataset assuming a random train-test
split. All metrics are computed on all samples of the entirely predicted learning curves.
Method  Metric Model IRMSE IMSE IMAE JMNLPD

MaC? ChrF mBart 829+1.71 83.94+3516 6.51+£1.48 6.26 + 3.31
DHGP ChrF mBart 12.20 £ 2.16 179.34 £ 58.02 10.93 £2.05 8.61 + 3.05

MaC? ChrF  Transformer 4.79+1.54 30.24 £23.21 3.72+1.03 3.52+0.72
DHGP ChrF  Transformer 5.97 +£1.30 44.07 £19.67 4.46 £0.81 4.75 £ 1.45

Ma®? BLEU mBart 3.90+1.48 2216 +16.58 3.52+1.49 7.01+4.14
DHGP BLEU mBart 6.43 £1.17 61.07 +£22.01 5.62 £ 1.00 18.03 £6.61

Ma®? BLEU Transformer 1.45+0.63 4.92+4.16 0.95+0.39 4.55+5.68
DHGP BLEU Transformer 1.80 £0.30 5.21 £1.59 1.12+0.15 22.29 +£28.13

Table K.2: Performance for zero-shot prediction on the bilingual dataset assuming a random train-test
split. All metrics are computed for the last three predicted values.

Method Metric  Model IRMSE IMSE IMAE |MNLPD
Ma®  ChrF mBart ~ 4.88+2.27 51.01 4857 4.40+1.89 4.67+1.88
DHGP  ChrF mBart 0.78 £2.88  149.80 £88.37 942+£246  6.03 +2.84

MaS? ChrF  Transformer 6.23+2.98 65.01+72.79 6.00+293 5124248
DHGP  ChrF  Transformer 8.88+£2.80  113.57+69.29 852+ 2.76 8.42 +5.03

MaCP BLEU mBart 3.65+1.65 23.43+17.11 3.60+1.67 579+ 341
DHGP BLEU mBart 7.90+2.14 100.70 £ 42.13 7.86£2.15  21.09+10.79

Ma®P BLEU Transformer 2.48 +1.17 1422 +11.16 240+1.16 11.98+14.99
DHGP BLEU Transformer 2.99+0.71 14.47 +5.59 2.74 + 0.65 53.24 + 83.49

Table K.3: Performance for zero-shot prediction on the bilingual dataset assuming a random train-test
split. All metrics are computed for the last predicted value.

Method Metric Model JRMSE JMSE JMAE JMNLPD
MaSP ChrF mBart 4.01+150 23.65+17.76 4.01+1.50 4.14+1.69
DHGP ChrF mBart 8.84 £+ 2.06 116.56 £ 52.88 8.84 +2.06 4.71+1.16

MaSP ChrF  Transformer 6.60 + 3.55 82.83 +98.82 6.60+ 3.55 6.00 + 3.64
DHGP ChrF Transformer 9.37 +3.65  144.29 +103.84 9.37 £ 3.65 9.51 +5.95

MaCP BLEU mBart 3.67+1.75 2432+1825 3.67+1.75 5.81+3.42
DHGP BLEU mBart 8.05 £ 2.38 107.86 £48.53  8.056+2.38  22.03 £13.63

MaSP BLEU Transformer 2.55+1.12 14.06 £10.21 2.55+1.12 12.23 +14.38
DHGP BLEU Transformer 3.124+1.10 15.40 £ 9.46 3.12£1.10 43.26 + 69.56
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L Zero-Shot Performance Prediction for Bilingual Translation (Train-Test
Split as in the Main Paper)

We provide a further analysis of the zero-shot performance prediction results for the bilingual dataset
in this appendix.

Table [L.1] presents the performance metrics for the full zero-shot predicted learning curve. The
predicted performance on the last three data points and the last data point is reported in Table
and Table respectively. Table |L.1|demonstrates that MaS" outperforms the baselines in terms
of RMSE and MSE. DHGP achieves comparable performance in MAE when using learning curves
obtained from the Transformer model with the ChrF metric. Although NBL exhibits the lowest
uncertainty, its predictions yield the largest errors across all metrics. The error metrics on the last
three and the last data point show that Ma®® outperforms all baselines in all error metrics, but showing
increased MNLPD values compared to the NBL baseline. A visualization of the RMSE and MNLPD
values for the zero-shot prediction of the last three data points and the last data point is additionally
provided in Figure [L.T] and Figure respectively. This demonstrates that, on average, when
averaged over the learning curves in the test set, modeling a hierarchical structure and accounting for
correlations among tasks is beneficial for zero-shot performance prediction in bilingual translation.

Table L.1: Performance for zero-shot prediction on the bilingual dataset for the train-test split used in
the main paper. All metrics are computed on all samples of the entirely predicted learning curves.

Method Metric Model IRMSE IMSE IMAE IMNLPD
Ma®? ChrF mBart 7.02+1.21 56.21 +21.24 5.84+1.05 3.96 £ 0.55
DHGP  ChrF mBart 9.54 4 0.08 143.74 + 3.06 8.75 4 0.06 7.0140.76

NBL ChrF mBart 10.38 £ 3.99 123.76 £ 89.5 8.72 + 3.43 3.77+0.23
MaS? ChrF  Transformer 4.24 4+ 0.63 19.98 + 6.32 3.4240.54 3.27+0.52

DHGP  ChrF  Transformer  4.38 4 0.00 22.35 4+ 0.01 3.37 +£0.00 3.24 £+ 0.00
NBL ChrF  Transformer  6.16 & 3.49 50.14 +£48.39  4.30 £+ 2.05 2.75+0.14
MaCP BLEU mBart 4.47 +£1.09 33.61+16.80 4.06 +1.07 5.93 4 6.53
DHGP BLEU mBart 5.53 + 0.00 49.13 +£0.18 4.7740.01 1328 £1.59
NBL BLEU mBart 5.94 + 4.04 51.57 £ 56.89  5.13+3.39 3.13+0.45
Ma®? BLEU Transformer  1.29 £ 0.30 3.12+2.47 0.89 +0.25 2.96 + 1.74
DHGP BLEU Transformer 1.63 £ 0.00 3.51 £0.01 1.09 £ 0.00 5.84 £ 0.07
NBL BLEU Transformer  2.26 + 1.23 6.63 + 5.54 1.16 £0.67 —2.75+0.65

Table L.2: Performance for zero-shot prediction on the bilingual dataset for the train-test split used in
the main paper. All metrics are computed for the last three predicted values.

Method Metric Model IRMSE IMSE IMAE IMNLPD

MaCP ChrF mBart 3.73+0.16 20.50 + 0.70 3.66+014 3.29+0.18
DHGP  ChrF mBart 7.85 4 0.09 97.79 + 1.85 7.77 4+ 0.09 5.19 4 0.56
NBL ChrF mBart 11.1 4+ 10.78 239.5+£319.75  10.63+10.73  3.98+0.51
MaC? ChrF  Transformer  5.58 +0.81 39.40 +11.64 5.39 4+ 0.83 4.21 +0.93
DHGP ChrF  Transformer 5.84 £0.01 53.14 +0.09 5.44 £ 0.01 4.21 £0.01
NBL ChrF  Transformer  11.59 +8.17 201.05 +225.75  11.24 +8.34 3.96 + 0.44
MaCP BLEU mBart 3.99+1.55 30.18 +19.14 3.95+ 1.57 5.88 £7.21
DHGP BLEU mBart 7.75 4 0.01 108.46 £ 0.110 7.704+0.00  27.75+3.73
NBL BLEU mBart 8.52 £ 7.47 128.33 + 156.92 8.41 +17.39 3.69 4+ 0.59
MaC? BLEU Transformer  1.93 + 0.60 9.36 + 9.39 1.87 +0.61 7.19 4+ 6.27
DHGP BLEU Transformer 2.82 +0.01 11.24 £ 0.06 2.63 £0.01 16.65 £ 0.22
NBL BLEU Transformer 4.79+2.74 30.43 £ 26.8 4.61 +2.83 2.9140.56
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Table L.3: Performance for zero-shot prediction on the bilingual dataset for the train-test split used in
the main paper. All metrics are computed for the last predicted value.

Method  Metric Model JRMSE JMSE IMAE JMNLPD

MaSP ChrF mBart 3.64+0.16 19.88 £2.10 3.64£0.16 3.19+0.19
DHGP ChrF mBart 7.53 £0.10 93.63 £ 1.72 7.53+0.10 5.14 4+ 0.53
NBL ChrF mBart 13.23+13.85  367.05 £490.53 13.23£13.85 4.10 £0.65

MaCP ChrF  Transformer 6.29 +0.84 51.33+15.49 6.294+0.84 4.72+£1.25
DHGP  ChrF  Transformer 6.82 £ 0.01 91.06 + 0.09 6.82 £ 0.01 5.72 4 0.02
NBL ChrF  Transformer  13.19 +8.99 254.96 +283.48 13.19+8.99  4.11+0.42

MaCP BLEU mBart 3.91+£1.56 30.37+19.66 3.91+1.56 5.63 & 7.04
DHGP BLEU mBart 8.14 £0.01 120.50 4 0.210 8.14+0.01  33.29 £4.56
NBL BLEU mBart 9.56 + 9.26 177.08 +226.57  9.56 +9.26  3.87+0.77
Ma®? BLEU Transformer  1.87 +0.49 8.79 + 8.20 1.87+0.49 6.23 + 5.10
DHGP BLEU Transformer 3.33+0.01 17.66 £ 0.07 3.334+0.01  20.59+0.25
NBL BLEU Transformer 5.62 £ 3.23 42.00 £+ 32.91 5.62 £ 3.23 3.24+0.43
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Figure L.1: Performance for zero-shot prediction on the bilingual dataset for the train-test split used
in the main paper. All metrics are computed for the last three predicted values.

25 35 MaGP I
30

- 20 E 95 DHGP
(ﬁ 1 5 g 20 s NBL =
~ 10 = 15

: =10

5 4 — I

3 “\B?" o%ﬁo\"“d e (\‘5&0\'“‘0{

\\& a\\%&@ ?} 2 ¥ “\6&“ ‘&A E\J k )
C [\ ? (Y U E\B T © Q\\Y? = %\X»\) NS

Figure L.2: Performance for zero-shot prediction on the bilingual dataset for the train-test split used
in the main paper. All metrics are computed for the last predicted value.

Additionally, Figure[L.3]and Figure[L.4]show the individual performance predictions for each learning
curve, which corresponds to the translation performance from a source into a target language, using
BLEU and ChrF as evaluation metrics, respectively. Figure shows, that while Ma®® yields
RMSE values higher than at least one baseline using the mBART50 (mB) dataset and the language
pairs id-jv, en-id, and jv-ms, it performs comparably to the baselines using the Transformer (T)
dataset, underperforming only for en-id and jv-ms. Similarly, Figuredemonstrates, that Ma®?
underperforms the baselines for the language pairs id-jv, en-id, and jv-ms using the mBARTS50 (mB)
dataset, and for jv-ms and ta-tl with the Transformer (T) dataset.
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Figure L.3: Performance for zero-shot prediction on the bilingual dataset for the train-test split used
in the main paper. All metrics are computed on all samples of the entirely predicted learning curves
using either mBARTS50 (mB) or the Transformer (T) dataset. Performance prediction was done for
the metric BLEU.
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Figure L.4: Performance for zero-shot prediction on the bilingual dataset for the train-test split used
in the main paper. All metrics are computed on all samples of the entirely predicted learning curves
using either mBARTS50 (mB) or the Transformer (T) dataset. Performance prediction was done for
the metric ChrF.

M Exchanged Hierarchies on the Bilingual Dataset

To validate the exchangeability of hierarchies, we present additional results for the Ma®? and DHGP
models in Figure [M.T] where target languages are assigned to the upper hierarchy level and source
languages to the lower level. As shown, Ma®" s1gn1ﬁcantly outperforms DHGP in terms of RMSE
under this assumption. Furthermore, a comparison of both hierarchical assumptions in Figure[M.2]
indicates that the exchanged hierarchy yields a slight RMSE improvement. This suggests that
translations into a common target language share more information suitable for the upper hierarchical
level with significantly reduced uncertainty.
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Figure M.1: Zero-shot learning curve prediction results on the bilingual dataset assuming the
exchanged (exch) hierarchy: target languages over sources languages.
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Figure M.2: Zero-shot learning curve prediction results on the bilingual dataset. Comparing the
RMSE values of both hierarchical assumptions: source languages over target languages and the
exchanged version (exch).

N Few-Shot Performance Prediction for Architecture Design

To offer another experimental setting to confirm our core hypothesis that learning curve datasets
exhibit hierarchical structures, in this section we provide experiments for few-shot performance pre-
diction of learning curves across various model architectures obtained from multilingual translation.

We assume that learning curves of already fine-tuned M2M 100 models of sizes 175M and 615M
are available. Based on these, we predict (i.e., extrapolate) the final nine missing data points of the
learning curves for the 1.2B model, which correspond to performance values at the largest dataset
sizes. Accordingly, we assess whether acquiring additional data for translation into a specific target
language or from a particular source language is justified based on the predicted performance. To this
end, we utilize the learning curves of the smaller models alongside the initial performance values of
the largest model to extrapolate the final data points.

Exchanged Hierarchies on the Multilingual Dataset

Figure[N.T| shows the extrapolation performance when predicting the performance for a translation
from a common source language. Similar to predicting the performance into a common target
language (main paper), using MaS?, we consistently outperform the baseline models in terms of
RMSE, despite higher predictive uncertainty. The highest uncertainty is observed for learning curves
predicting performance over dataset size for Tagalog (#/) and Tamil (za) as a source languages.
Nevertheless, mean predictions across all languages and translation scenarios achieve RMSE values
superior to the baselines. These results confirm that incorporating hierarchical assumptions and
leveraging correlations among tasks enhances prediction performance. Furthermore, this confirms
our additional hypothesis, that hierarchies are exchangeable. The numerical values for these Figures

are given in Table

37



15

15 I I

n
ki

en id jv ms ta tl en i

10

RMSE

ot

0

Figure N.1: Few-shot performance prediction on the multilingual dataset, extrapolating the last nine
data points of each learning curve for the M2M100 1.2B model. The extrapolated learning curves
show performance over dataset size for translations from a common source language.

Extended Analysis

The RMSE extrapolation performance for the last 3 and 1 values are demonstrated in Figure
and Figure N3] Additionally, all performance metrics are provided in Table [N.2] and Table g
respectively. In these scenarios, Ma®® does not consistently outperform the baselines for every
individual source or target language, but its performance remains broadly comparable. These
experiments underline the particular strength of the proposed framework in situations where multiple
data points require extrapolation, as demonstrated in Figure N.T]and Figure[9)in the main paper. In
those settings, Ma®? substantially outperforms all baseline methods.
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Figure N.2: Few-shot performance prediction on the multilingual dataset, extrapolating learning
curves for the M2M100 1.2B model. The extrapolated learning curves show performance over dataset
size for translations into a common target language.
Left: Extrapolation of the last three data points. Right: Extrapolation of the final data point.
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Figure N.3: Few-shot performance prediction on the multilingual dataset, extrapolating learning
curves for the M2M100 1.2B model. The extrapolated learning curves show performance over dataset
size for translations from a common source language shown on the x-axis.
Left: Extrapolation of the last three data points. Right: Extrapolation of the last data point.
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Table N.1: Few-shot performance prediction on the multilingual dataset assuming we are interested in
the extrapolation of the last 9 missing values of learning curves for the 1.2B model. The results show
the extrapolation performances for learning curves of the multilingual translation from a common
source or into a common target language.

Method  Language JRMSE JMSE JMAE JMNLPD
MaS? Source: en  3.29 + 0.63 12.17 +£ 4.41 2.89 + 0.61 6.91 +£2.81
DHGP  Source:en  5.79 & 0.56 45.72 £ 7.59 4814047 3.10+0.10
NRBL  Source:en  8.10+2.20 7.70 £2.20 7.00 £ 3.50 8.30 £ 8.00
MaS? Source: id  1.86 + 0.32 4.00+1.10 1.60+0.32 6.43 +3.33
DHGP  Source:id  3.33+0.20 15.92 +1.60 3.02 £0.20 2.82 +0.04
NRBL  Source:id  6.10 & 3.80 5.80 £ 3.90 5.30 £ 5.80 3.60 £ 0.39
MaSP Source: jy  0.98 +0.01 1.09+0.01 0.74+0.01 6.20 4 0.32
DHGP  Source:jv  5.2140.02 31.01 £0.15 4.38 +0.01 3.20 £ 0.02
NRBL  Source: jv  5.70 +1.10 4.90 £+ 1.00 3.40 £1.20 5.90 £ 1.50
MaSP Source: ms  1.68 +0.10 3.01+033 1.46+0.10 8.66 + 2.80
DHGP  Source: ms  4.61 +0.00 30.10 + 0.02 4.15 4+ 0.00 2.98 £ 0.00
NRBL  Source: ms  4.50 £ 2.20 4.10 £ 2.00 2.50 £ 2.00 1.80 +2.90
MaS? Source: ta  1.48 +0.03 2.314+0.07 1.16+0.02 15.01+0.55
DHGP  Source:ta  3.73+0.47 17.32 4+ 3.64 3.20 £ 0.40 2.65+0.12
NRBL  Source:ta  6.50 & 1.90 5.80 & 1.70 4.60 £ 2.20 3.70 £ 0.42
MaS? Source: I 1.87 +0.01 3.52+0.04 1.58+0.01 15.46+0.55
DHGP  Source: tl 8.01 £+ 0.02 72.42 +0.48 7.26+£0.02 4.03+0.19
NRBL  Source: tl 7.60 £1.70 7.00 £ 1.70 6.10 & 2.40 6.00 £ 1.40
Ma®P Target: en  2.11+0.19 4814+0.74 1.82+0.19 11.09+7.94
DHGP  Target:en  2.90 +0.15 12.24 4+ 0.40 2.52 +0.19 2.57 +0.02
NRBL  Target: en  7.20 £ 4.10 6.70 + 4.10 6.80 + 5.80 5.20 £ 1.50
MaS? Target: id  1.66 +0.15 321+079 143+0.15 20.50417.62
DHGP  Target: id 3.42+0.12 13.03 +0.83 2.83+0.10 2.61 £ 0.06
NRBL  Target: id 7.30 £ 2.50 6.90 £ 2.60 6.00 £ 3.80 2.00 £ 2.90
MaCS? Target: jv =~ 1.43+0.11 2.06+0.32 1.19+0.05 9.96 + 3.77
DHGP  Target: jv 2.12 +0.41 5.42 4+ 2.32 1.81+0.39 2.16 +0.29
NRBL  Target: jv 3.60 + 1.10 3.40 +£1.10 1.40 + 8.10 8.20 £ 8.10
Ma®  Target ms 0.92+001  090+001 0.78+0.01  6.50+0.29
DHGP  Target: ms  3.00 & 0.64 11.02 4+ 3.31 2.47 +0.48 2.30 £0.12
NRBL  Target: ms  5.60 £ 1.60 4.90 + 1.40 3.40 £ 1.60 4.80 +1.30
MaC®P Target: ta  2.50 4 0.01 6.51+0.03 1.78+0.00 19.21+0.37
DHGP  Target:ta 11.21+0.17 128.25+3.99  10.02+0.15 4.624+0.12
NRBL  Target: ta 7.70 £1.20 7.10 £1.20 6.10 £ 2.00 3.80 +0.32
MaC? Target: 1 3.36 & 1.09 13.10 + 8.25 2.93+0.93 67.88 +38.98
DHGP  Target: tl 7.84 £0.28 65.56 + 4.32 7.16 £0.26 3.84+0.18
NRBL Target: tl 7.10 £ 0.60 6.30 + 0.62 5.10 £ 8.70 4.004+0.72
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Table N.2: Few-shot performance prediction on the multilingual dataset assuming we are interested in
the extrapolation of the last 3 missing values of learning curves for the 1.2B model. The results show
the extrapolation performances for learning curves of the multilingual translation from a common
source (Source) or into a common target (Target) language.

Method  Language JRMSE JMSE JMAE JMNLPD
Ma®P Source: en 2.314+0.82  7.30+3.96 2.16+0.87 273+0.15
DHGP  Source:en 3.26+0.08 19.67+1.97  3.02+0.09  3.15+0.12
NRBL Source: en 1.40 £+ 2.20 1.40+2.30 0.07+0.00 7.00 £0.01
MaSP Source: id  1.45+0.51 2.81+1.81 1.38 £0.52 1.99 +0.24
DHGP  Source:id 1.15+0.04 2.43+0.06 1.02+0.05 1.79+0.01
NRBL  Source:id 3.20+£2.00  3.20 4+ 2.00 1.40£1.90 2.704+0.49
MaCP Source: jv  0.624+0.03 0.504+0.03 0.53+0.02 1.12+0.10
DHGP  Source:jv = 0.67+£0.01  0.594+0.02  0.62=40.00 1.31 +£0.01
NRBL  Source:jv  2.00=£1.70 1.90+1.70 6.70+£820  2.90+0.47
Ma®? Source: ms 1.48+0.28  2.56 & 0.80 141+0.26  3.26+1.08
DHGP  Source: ms 1.09+0.07 156+0.12 1.02+006 1.76+0.11
NRBL  Source: ms 7.70+1.00 7.704+1.00 0.02+0.03 4.50+2.60
MaC? Source: ta 1.56 +£0.07 2.85+0.32 1.42+0.07 9.49 4+ 8.14
DHGP  Source:ta 1.72+0.02  3.814+0.05 1.62+0.01 2.51+0.01
NRBL  Source:ta 2.90+1.20 2.804+1.30 1.00+6.20 2.80+0.22
MaCP Source: tI  1.80 4 0.02 3.74 £ 0.02 1.76 + 0.00 5.48 + 2.63
DHGP  Source:tl 1.56+0.00 3.084+0.03 1.4240.01 2.00+0.01
NRBL  Source:tl 2.60+2.20 260+230 1.20+1.50 2.90+0.44
Ma®P Target: en  2.26 £0.58  5.74+229  2.154+0.62 11.67+11.42
DHGP  Target: en 2.00+£0.02 4.95+0.06 1.804+0.01 2.05=+0.00
NRBL  Target:en 1.30+£0.71 1.20+£0.77 230+210 3.804+2.70
Ma®P Target: id  1.744+0.24  3.7740.54 1.65+0.24  5.63+4.31
DHGP  Target:id 1.4840.12 3.424+0.18 1.39+0.11 240+0.11
NRBL  Target:id 7.80+£1.00 7.70+1.00 0.024+0.03  7.00=+0.01
Ma®? Target: jv  1.68+£0.08 3.04+0.26 1.53+0.06 4.60+1.25
DHGP  Target: jv  1.93£0.01 5.26 + 0.01 1.84 +0.01 3.29 4+ 0.02
NRBL  Target: jv 2904+1.40 2.80+1.40 1.00+840 2.50+0.49
Ma®P Target: ms 0.93+0.03 1.12+£0.07 0.89+0.02 3.73+£1.03
DHGP  Target: ms  0.95 £ 0.01 1.444+0.06 0.89+0.01 1.73+0.02
NRBL  Target: ms 1.70 & 1.00 1.704+£1.00 4.00+4.70  2.80£0.05
MaC? Target: ta  1.6040.21 3.62+0.13 1.414+0.26  4.12+1.79
DHGP  Target:ta 1.594+0.00 2.7540.02 1.36+0.02 2.19+0.01
NRBL  Target:ta 1.60+2.10 1.60+2.10 0.07+0.01 3.90=+1.00
MaS? Target: t1  2.314+0.99 6.94+434  2.18+0.88 28.23 + 28.66
DHGP Target: t1  1.214+0.75 2254224 1.05+0.67 1.62+0.37
NRBL Target: I 2.20£1.00 2.20+£1.00 6.00+3.80 2.80+0.13
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Table N.3: Few-shot performance prediction on the multilingual dataset assuming we are interested in
the extrapolation of the last 1 missing values of learning curves for the 1.2B model. The results show
the extrapolation performances for learning curves of the multilingual translation from a common
source (Source) or into a common target (Target) language.

Method  Language JRMSE JMSE JMAE JMNLPD

MaCP Source:en 1.44+1.10 3.88+444 1.44+1.10 1.854+0.54
DHGP  Source:en 1.16+0.02 2064005 1.16+0.02 1.79+0.01
NRBL  Source:en 1.30+0.88 1.30+0.88 2.40+2.70 2.90+1.60
MaCP Source:id 0.80+0.72 1.28+2.01 0.80+0.72 1.29+0.51
DHGP  Source:id 0.94+0.07 1.134+0.13 0.94+0.07 1.494+0.05
NRBL  Source:id 1.70+1.10 1.70+1.10 4.10+£3.90 4.90+5.20
Ma®P Source: jv 0.34+0.02 0.14+0.01 0.34+0.02 0.54+0.03
DHGP  Source:jv  0.894+0.16 1.094+0.28 0.894+0.16 1.514+0.18
NRBL  Source:jv  0.594+0.51 0.594+0.51 0.614+0.83 1.704+0.33
Ma®P Source: ms  0.54+0.21 0.40+0.26 054+021 1.22+0.70
DHGP Source:ms 0.54-+0.10 0.454+023 0.54+0.10 1.25+0.19
NRBL Source: ms 1.20+1.00 1.20 + 1.00 2.60 £ 3.70 1.70 & 0.70
Ma®P Source: ta 0.77+0.28 0.75+051 0.77+0.28 246+1.74
DHGP  Source:ta 1.10+0.12 1.62+0.32 1.104+0.12 1.70+0.13
NRBL  Source:ta 1.30+0.81 1.304+0.81 2.40+2.20 1.90+0.49
MaC? Source: 1 0.954+0.19 1.09+0.34 0.95+0.19 1.66+0.36
DHGP  Source:tl 1.12+0.01 1.664+0.00 1.12+0.01 1.67+0.00
NRBL Source: 1  0.86+1.20 0.86+1.20 2.10+3.90 1.80+0.53
MaCP Target: en 0.97+0.99 203+£354 097+099 1.67+0.85
DHGP  Target:en 1.23+£0.03 1.73+£0.08 1.234+0.03 1.7440.04
NRBL  Target:en 1.00£0.70 1.00£0.70 1.60+1.80 4.40=+5.50
MaCP Target: id  1.224+0.50 1.93+1.09 1.22+0.50 1.66+0.36
DHGP  Target:id 1.11£0.08 2.09+£0.22 1.114+0.08 2.1640.17
NRBL  Target:id 0.79+0.45 0.70+0.45 0.83+0.78 2.404+1.80
MaCP Target: jv  0.354+0.01 0.21+0.01 0.35+0.01 0.75+0.05
DHGP  Target:jv  0.85+0.05 0.89+£0.09 0.85+0.05 1.36+0.05
NRBL  Target:jv 0414035 041+£035 0.29+0.35 1.50+0.76
Ma®P Target: ms  0.724+0.08 0.604+0.08 0.724+0.08 1.404+0.12
DHGP  Target: ms 0.534+0.03 0.454+0.04 0.53+0.03 1.03+0.04
NRBL  Target: ms 0.484+0.59 0.484+0.59 0.59+1.00 1.704+0.25
Ma®P Target: ta  1.644+0.52 3.324+1.67 1.644+0.52 8.724+5.24
DHGP  Target:ta 1.09+0.60 1.72+1.33 1.09+0.60 1.67+0.31
NRBL Target: ta  2.80+£0.66 2.80+0.66 8.104+3.10 2.70+0.26
MaCP Target: I 1.204£0.24 2.174+0.75 1.20+£0.24 3.89 £2.63
DHGP Target: 1 0.61+0.00 0.44+0.00 0.61+0.00 1.3940.00
NRBL Target: tl 1.50+0.82 1.504+0.82 290+2.30 2.20+0.21
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O Naive Regression Baseline for Few-Shot Prediction

We define a naive regression baseline (NRBL) as a non-linear regression model trained on the
available initial training data points of the 1.2B model, together with the complete learning curves of
the 175M and 615M models. This model fits several functional forms to the training data, including a
vapor-pressure function, the MMF function, a power law function, and a logarithmic function. These
functions are given by

b
Foapor () = exp (a +o+ clog x) ,
ab+ cx
b+
Foower () = az’+ec,
Jrog(x) = ¢+ alog(bx).

The reported performance is the average across these fitted models.

Svme(z) =

)

P On Compute Resources and Complexity

The Ma®® framework and DHGP model were trained and evaluated on an Intel® Core™ i7-8565U
CPU. Baseline methods were trained and evaluated on an Intel® Xeon® Gold 6448H CPU.

Ma®? is implemented using the inducing points method. Ma®? is originally referred to as HMOGP-
LV Ma et al. [24]. HMOGP-LV is derived from LVMOGP Dai et al. [111]. The computational
complexity is

O (max(NR, Myg) - max(D, Mx) - max(Mg, Mx)),

with IV being the available data points per learning curve, R being the number of learning curves per
task (d), D being the number of tasks ¢, M x = M, x R for M, being the number of inducing input
points in the 7" learning curve of a task and M being the number of inducing output points.

The wall-clock time for Ma®F is between 17 min and 31 min, and DHGP around 4 min (including
logging, file-saving, etc.). Note that while DHGP uses optimized libraries, Ma®" in its current form
is used as originally implemented by Ma et al. [24]].

Importantly: While additional compute would certainly enable larger-scale experiments, our current
setup demonstrates that even with a limited number of data points and resources, corresponding to
reduced evaluation frequency and faster training, the Ma®" model performs effectively.

Q Additional Discussion

Data Relationships. The data relationships in the paper mimic more closely Ma®?, because they
not only have a hierarchical structure, but also exhibit correlations among tasks. As discussed in
the main paper, we expect this to be particularly well-suited for Ma®?, a hypothesis that is strongly
supported by the obtained experimental results.

Key Advantage of Scaling Law Prediction. In Section[5.1] Table[3] we present results illustrating
how closely the scaling laws predicted via our Monte Carlo-based approach approximate the original
scaling laws obtained through conventional methods, namely, by fitting the scaling function to the
full dataset. For our evaluation, we use the AbC measure. The key advantage of our approach lies
in significantly reduced computational cost, while still achieving close alignment with the original
scaling law. (Note that our test sets contain the most expensive learning curves.) This outperforms
simple fitting to training data as it provides more support to fit the scaling law in the compute region
of interest.

Range of Models Considered for Scaling Law Experiments. Due to computational constraints,
we focused our setup on training models for one epoch using the FineWeb-Edu dataset. Our model
sizes range from 51M to 1.5B parameters, aligning with the scale used in Kaplan et al. [4]], who
explored models from 768M to 1.5B parameters. We therefore consider this range representative for
our investigation.
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Hypothesis on Hierarchical Structures. To support our hypothesis that hierarchical structures exist
and can be exploited in learning curve datasets, we provide extensive experiments across multiple
domains, including bilingual and multilingual translation tasks. To the best of our knowledge,
our work is the first to investigate bi-level hierarchies for zero-shot learning curve prediction and
extrapolation.
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