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ABSTRACT

Large-scale datasets underpin recent advances in machine learning; however, in
materials science and chemistry, data acquisition remains expensive, making per-
formance in low-data regimes a central challenge. Pretraining and transfer learn-
ing are effective strategies in this setting, yet their success critically depends on
the choice of pretraining tasks. Poorly selected tasks can yield marginal gains
or induce negative transfer, while principled criteria for assembling pretraining
datasets remain underexplored. In this work, we leverage task similarity metrics
to move beyond selecting a single source task and instead construct diverse, repre-
sentative pretraining task subsets. Using similarity-derived structure among tasks,
we show how pretraining datasets can be assembled to balance relevance and di-
versity, maximizing knowledge transfer under fixed data budgets. Experiments on
the QM9 benchmark demonstrate that models pretrained on such diversity-aware
task subsets achieve performance comparable to that of substantially larger pre-
training datasets assembled without regard to task relationships. These results
identify task diversity as a key factor governing transfer efficiency and provide a
practical strategy for scaling general-purpose models in materials science under
high labeling costs.

1 INTRODUCTION

Limited dataset size remains a fundamental challenge in materials science machine learning, where
the cost, time, and expertise required to generate high-quality labeled data often restrict dataset scale
(Xu et al, 2023} |L’Heureux et al., |2017; Moosavi et al.| 2020a). Transfer learning has therefore
emerged as a promising approach for improving model performance in such data-scarce regimes by
exploiting knowledge learned from related, data-rich tasks (Alzubaidi et al., 2023; Niu et al.| 2020;
Saha et al.||2016). In a typical transfer learning workflow, a model is first pretrained on a source task
with abundant labeled data to learn generalizable representations, and is subsequently fine-tuned on
a target task for which labeled data is limited to achieve improvement over scratch training.

Despite its demonstrated success across a range of applications, the effectiveness of transfer learning
is sensitive to the choice of pretraining task (Azizian & Hasan, [2025} |Peters et al.,[2019). When the
source and target tasks are well aligned, transfer learning can accelerate convergence and improve
predictive accuracy (Yamada et al.,|2019; Jha et al.,|2019; |Gupta et al, 2021)). However, pretraining
on tasks that are only weakly related to the target task may provide little benefit and can, in some
cases, actively harm performance through negative transfer (Zhang et al.l [2023; [Wang et al., [2019;
Achille et al.| |2019). This sensitivity underscores the importance of understanding and quantifying
task relatedness when designing transfer learning pipelines for materials science applications.
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These limitations motivate the need for a more principled framework for selecting pretraining tasks
in transfer learning (Zamir et al., [2018; [Fifty et al.l [2021; |Shu1 et al., [2019). One of the earliest
systematic efforts to formalize task relatedness was introduced by Zamir et al.[{(2018), who proposed
the concept of task similarity as a means of characterizing relationships between learning objectives.
Their work showed that transfer learning performance is strongly influenced by how similarly the
two tasks organize inputs in a model’s latent representation space (Liu et al.,[2019; [Lew & Buehler,
2021). This alignment enables effective feature reuse during transfer learning and, importantly, can
be quantified rather than chosen heuristically.

Building on this foundation, Dwivedi & Roig (2019) introduced Representational Similarity Anal-
ysis (RSA) as a general methodology for comparing tasks by analyzing the latent embedding space
learned by machine learning models. RSA quantifies task similarity by measuring the correspon-
dence between learned feature representations, providing an architecture-agnostic means of assess-
ing how similarly models trained on two different tasks structure input data (Zhong et al.,2016};|Guo
et al.l 2019). The authors demonstrated that RSA-based similarity measures are predictive of trans-
fer learning success in the computer vision domain, highlighting the value of representation-level
analysis for task selection.

More recently, |L1 et al.|(2022) adapted these ideas for application in materials science by combining
representational similarity with additional task-level similarity metrics to form the Molecular Task
Similarity Estimator (MoTSE). MoTSE was shown to effectively identify source tasks that yield
improved transfer learning performance on downstream target tasks, providing empirical evidence
that principled task similarity estimation can substantially enhance transfer learning outcomes in
materials science. They demonstrate the efficacy of this workflow across multiple small molecule
property prediction datasets, and demonstrate how it eliminates the issue of negative transfer.

In this work, we further investigate the concept of task similarity in order to utilize it as a mechanism
for constructing pretraining datasets composed of multiple tasks, with the goal of improving transfer
learning performance in the small-data regime. Rather than selecting a single source task, we explore
how task similarity can be leveraged to assemble a representative and diverse set of pretraining tasks
that collectively provide a more effective inductive bias for downstream learning (Moosavi et al.,
2020b).

2 METHOD

In this work we use the QM9 dataset (Ramakrishnan et al 2014) as a preliminary benchmark to
investigate the benefits of creating a diverse pretraining set. The dataset is preprocessed by removing
tasks whose labels have a Pearson correlation above 0.8 with any other task. The remaining tasks are
split into training, validation, and test sets (80/10/10), with consistent molecule assignments across
all tasks. To assess uncertainty, the training set is randomly permuted into five folds.

2.1 REPRESENTATIONAL SIMILARITY ANALYSIS (RSA) COMPUTATION

In this work, task similarity is quantified using the Representational Similarity Analysis (RSA)
framework originally introduced by |Dwivedi & Roig| (2019). RSA measures the degree to which
two learning tasks induce similar internal representations within a model, providing a task-agnostic
metric of relatedness grounded in representation geometry. The computation of RSA-based task
similarity proceeds in three stages, as described below.

Stage 1: Pretraining. For each task in the dataset, a separate model is pretrained using the full
available labeled data for that task. In this study we employ Chemprop, a message-passing neural
network (MPNN) architecture proposed by |Graff et al.| (2026), due to its strong performance in
molecular property prediction. However, the RSA framework itself is model-agnostic and can be
applied to any representation learning architecture that produces structured latent embeddings.

Stage 2: Representation Dissimilarity Matrix (RDM) A probe dataset D, = {z1,22,...,Za;}
is constructed, consisting of a small but representative set of input samples from the domain. Each
(k)

input x; is passed through a given task-specific model f, to obtain its latent embedding, z;

For each model f}, pairwise similarities between all embeddings in the probe dataset are computed
using the Pearson correlation coefficient. These similarities are converted into a Representation
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Dissimilarity Matrix (RDM), defined as

ROMY =1 p(2,2"), (1)

The resulting RDM captures the relative geometric structure of the model’s latent space based on the
probe dataset. Each RDM therefore serves as a task-specific fingerprint, encoding how the model
organizes inputs in representation space independently of task labels.

Stage 3: RSA Value To compute the similarity between tasks 7, and T}, their RDMs, RDM (@)
and RDM®) | are compared by vectorizing the upper triangular (non-redundant) elements and com-
puting Spearman’s rank correlation coefficient.

RSA(T,, Ty) = ps (vec (RDM(“)) vec (RDM<b>)) , )

The resulting RSA value provides a measure of task similarity, with larger values indicating greater
alignment between the latent representations learned for the two tasks. Because this metric com-
pares representational structure rather than task outputs, it is well suited for guiding pretraining task
selection in transfer learning workflows.

3 RESULTS

We began our analysis by computing pairwise similarity scores across all tasks. We assess the signif-
icance of this similarity measure by quantifying improvements from transfer learning in the small-
data regime by fine-tuning a pretrained model on a target task. Performance gains are measured
using the area under the curve (AUC) of the mean absolute error (MAE) as a function of training
set size. The AUC improvement is expected to correlate positively with the similarity between the
pretraining and target tasks. As shown in Figure [Ta] we observe a weak but positive correlation
between task similarity and fine-tuning gain.

The relationship between fine-tuning gain and task similarity becomes clearer when both variables
are treated as binary. Tasks are labeled as similar if their similarity score exceeds a threshold (chosen
to maximize F1 score), and as improved if performance increases after fine-tuning. The resulting
classification is shown in Figure [T

Figures|[IalandTb|show that the proposed similarity metric is indicative of improved transfer learning
performance. Building on this, we propose a method for constructing a representative pretraining
dataset by ensuring that, for any target task, at least one similar task is included in the pretraining
set. The task subset {A, HOMO, C, } satisfies this coverage requirement, and we pretrain a model
using only this task subset and evaluate its finetuned performance on the remaining target tasks,
comparing the results to a model pretrained on all available tasks (excluding the target task). Results
from this analysis shown in Figure

Across all five target tasks, the fine-tuned models pretrained on the diverse task subset achieve
performance comparable to those pretrained on the full dataset. Overall, models pretrained on the
diverse subset exhibit similar performance in the small data regime to those pretrained on the full
dataset, despite being trained on approximately one third of the data. We propose that the increased
diversity of the pretraining set allows for this improved data efficiency during learning.
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Relationship Between Task Similarity and Finetuning Benefit
60 ¥

Finetuning Confusion Matrix

— SRCC=0.78

i
I L]
== Optimal RSA threshold = 0.60 1 )
40 ! °
! .
1 * o
2 ! . g
_ i g
9
£ 0 ; £
© [}
[} 1
S
% -20 1
g |
£ 40 ! T
= 3
i =
60 . o E
° ® 1 -
1 =)
1 =
-80 . !
i
0.3 0.4 0.5 0.6 0.7 0.8 0.9 P -
Representational Similarity (RSA) Similar (>=0.6) Not Similar
(a) Correlation between similarity and finetuning gain. (b) Confusion matrix from finetuning results.

Performance Gains Relative to Training from Scratch

30 A
B Diverse Subset (3 Tasks) Pretraining

== All Data (8 Tasks) Pretraining

N
o

N
°©

H
&

H
1S

v

AUC Improvement over Scratch (%)

!
k

2 o o >
F & 4 SB ’&D(’\‘
-
o
&

(c) AUC metric for diverse pretrain set versus all task pretraining.

Figure 1: Relationship between task-pair similarity and transfer learning performance in small data
conditions. (a) Continuous relationship between similarity and fine-tuning gain. (b) Confusion ma-
trix using thresholds of 0.6 for similarity and 0% for fine-tuning gain; the dashed line indicates
the similarity threshold that maximizes F1 score. (c) Transfer performance comparing a model
pretrained on a diverse subset of three tasks vs. one pretrained on all eight non-target tasks. Per-
formance is measured by AUC, computed as the integral of the MAE curve from 1,000 to 30,000
training samples, with error bars showing standard error across five training folds.

4 CONCLUSION

In this work, we show that task similarity, quantified through representational structure, provides a
principled foundation for constructing compact yet effective pretraining datasets in materials learn-
ing. Rather than viewing task similarity solely as a tool for selecting individual source tasks, our
results demonstrate its broader utility for designing diversity-aware pretraining strategies that pre-
serve transfer performance while substantially reducing pretraining data labelling cost.

From a broader perspective, these findings suggest a shift in how datasets are assembled in data-
scarce scientific domains. As materials datasets increasingly grow in breadth rather than depth,
spanning heterogeneous properties, chemistries, and experimental conditions, task diversity, rather
than dataset size alone, may emerge as a key driver of transferable modeling. Our results com-
plement prior work on dataset diversity and data redundancy in single-task learning from
(2023); Moosavi et al,| (2020b), together indicating that task-level and data-level diversity form a
unified framework for guiding efficient materials data generation and discovery campaigns, and for
advancing general-purpose materials models (Alampara et al} 2025) under realistic data and com-
putational constraints.
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