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ABSTRACT

In recent years, data quality has emerged as an important factor for training massive
models. Analytical theories suggest that higher-quality data can lead to lower test
errors in models trained on a fixed data budget. Moreover, a model can be trained
on a lower compute budget without compromising performance if a dataset can be
stripped of its redundancies. Coreset selection (or data pruning) seeks to select a
subset of the training data so as to maximize the performance of models trained
on this subset, also referred to as coreset. There are two dominant approaches: (1)
geometry-based data selection for maximizing data diversity in the coreset, and
(2) functions that assign difficulty scores to samples based on training dynamics.
Optimizing for data diversity leads to a coreset that is biased towards easier samples,
whereas, selection by difficulty ranking omits easy samples that are necessary for
the training of deep learning models. This demonstrates that data diversity and
importance scores are two complementary factors that need to be jointly considered
during coreset selection. In this work, we represent a dataset as an undirected
graph and propose a novel pruning algorithm, D2 PRUNING, that uses message
passing over this dataset graph for coreset selection. D2 PRUNING updates the
difficulty scores of each example by incorporating the difficulty of its neighboring
examples in the dataset graph. Then, these updated difficulty scores direct a
graph-based sampling method to select a coreset that encapsulates both diverse and
difficult regions of the dataset space. We evaluate supervised and self-supervised
versions of our method on various vision and NLP datasets. Results show that
D2 PRUNING improves coreset selection over previous state-of-the-art methods at
low-to-medium pruning rates. Additionally, we find that using D2 PRUNING for
filtering large multimodal datasets leads to increased diversity in the dataset and
improved generalization of pretrained models. Our work shows that D2 PRUNING
is a versatile framework for understanding and processing datasets.1

1 INTRODUCTION

Deep learning models are evolving into massive architectures with trillions of learnable parameters
requiring enormous training datasets for optimal performance. Empirical experiments demonstrate
that the test error in such models falls off as a power law with model size as well as training dataset
size (Kaplan et al., 2020). Recently, Sorscher et al. (2022) developed an analytical theory that shows
that the power law association of test error with data size can be demoted to exponential scaling if one
has access to a high-quality data pruning metric for careful data selection. This has the implication
that for a fixed data budget, high-quality training data can yield lower test loss in deep learning
models. Coreset selection 2 (Mirzasoleiman et al., 2020; Guo et al., 2022) is a similar line of work
that aims to select a subset (coreset) of the most informative samples S from a large training dataset T
without significantly compromising the performance of the model. Existing coreset selection methods
(Toneva et al., 2018; Killamsetty et al., 2021a;b; Yang et al., 2022; Sorscher et al., 2022) demonstrate
promising performance on many vision datasets for one-shot coreset selection. However, significant

1Our code is available at https://github.com/adymaharana/d2pruning
2We use the terms coreset selection and data pruning interchangeably throughout the paper.
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progress remains to be made on the selection of better coresets, especially using self-supervised
approaches. Moreover, there is a lack of systematic evaluation of these methods on NLP datasets.

Real-world data distributions comprise high-density as well as low-density regions. Yu et al. (2020);
Chan et al. (2022) claim that maximizing the variance of intra-class features results in robust
representations. To this end, geometry-based coreset selection methods (Sener & Savarese, 2018;
Chen et al., 2010) operate under the assumption that samples located close to each other provide
redundant information, and try to remove those data points by selecting the samples most distant
from k-means cluster centers (Sorscher et al., 2022) or at a median distance from the class center
(Xia et al., 2023), in order to maximize diversity in the coreset. On the other hand, uncertainty-based
methods (Coleman et al., 2019) and error or loss-based methods (Toneva et al., 2018; Paul et al.,
2021) propose a score-based function to estimate the dif�culty of each sample in the training dataset
from the model's training dynamics and retain the most dif�cult samples. However, the distribution
of dif�culty scores for the original data is highly skewed and contain way more low-dif�culty (or
easy) samples (Swayamdipta et al., 2020), as we show in Figure 2(a). As low-dif�culty samples
predominantly arise in densely populated regions (Sorscher et al., 2022), incorporating some of these
well-connected, low-dif�culty samples into the coreset guarantees adequate representation of these
dense areas within the coreset (Zheng et al., 2022). At the same time, selecting high-dif�culty samples
with higher connectivity increases the information content of the (Kim & Shin, 2022). Evidently,
example dif�cultyanddata diversityare two crucial factors for selecting effective coresets, yet, there
has been little work towards combining them into a unifying framework for coreset selection.

To unify these two factors, we propose theD2 PRUNING method, where we represent the datasetS
as an undirected graphGand design a message-passing algorithm that uni�es the dif�culty scores
and the underlying spatial distribution of the dataset to select a coreset with balanced dif�culty and
diversity. D2 PRUNING consists of three simple steps: (1)Graph Initialization: First, we create
a graph, G, where each node is an example from the datasetS and is connected to itsk-closest
neighbors based on a notion of distance in the embedding space (see Fig. 1(A)). Each node has a
feature value that represents thedif�culty scoreof the example. This graph can be used to understand
the connectivity of each sample with respect to the rest of the dataset (Ebert et al., 2012). (2)Forward
Message Passing:Next, we perform message passing (Gasteiger et al., 2020; Yadav et al., 2019)
over the dataset graph to update the dif�culty scores of all examples by taking into account the
distance and dif�culty of its neighboring examples in the graph (see Fig. 1(B)). Speci�cally, each
node collects a message from all of its neighbors (where the message is their dif�culty scores scaled
by their distance) and uses these messages to update its own dif�culty score. (3)Coreset Selection &
Reverse Message Passing:Finally, we use these updated scores to iteratively select a balanced subset
of samples from high-density low-dif�culty regions and low-density high-dif�culty regions. At each
step of selection, the neighbors of the selected sample are down-weighted via reverse message-passing
to promote diversity in the coreset (see Fig. 1(C)). Our design ensures that highly connected nodes of
low dif�culty are on equal footing with sparsely connected nodes of high dif�culty during selection.

We refer to this diversity-dif�culty (D2) approach of coreset selection using message-passing asD2

PRUNING and evaluate this pruning method on multiple image classi�cation and natural language
processing (NLP) datasets. We �nd thatD2 PRUNING outperforms state-of-art methods for coreset
selection at low-to-medium pruning rates. Our analysis shows thatD2 PRUNING selects a coreset with
a higher distribution of dif�cult samples for low pruning rates and with equitable distribution over
easy and dif�cult samples for medium-to-high pruning rates. Further, we adaptD2 PRUNING for self-
supervised and unsupervised data selection approaches and show improvements over existing methods
for self-supervised coreset selection and data �ltering respectively. Importantly, the message-passing
framework for coreset selection opens up possibilities for exploring different message schemes,
possibly incorporating factors other than data diversity and dif�culty, in an easy plug-and-play
framework. In summary, our contributions are:

• We proposeD2 PRUNING, a one-shot coreset selection algorithm that represents datasets
as undirected graphs and uses message-passing to combine the in�uence of two important
factors,example dif�cultyanddata diversity, for data selection.

• We evaluate our method on several image classi�cation, NLP benchmarks and show state-of-
the-art results for low-to-medium pruning rates for supervised & self-supervised approaches.

• We show thatD2 PRUNING selects diverse data pools when �ltering massive multimodal
datasets, which improves the generalization of pretrained multimodal models.
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Figure 1: Overview ofD2 PRUNING. (left) Our proposed algorithm contains three steps: (a)
Initialization of graphG using dif�culty scores and edge weights based on feature distance, (b)
message passing between connected nodes to propagate dif�culty scores of neighboring samples, and
(c) data selection and reverse message passing to avoid sampling from the same neighborhood. (right)
D2 PRUNING selects a balanced subset of samples (red) from sparse and dense regions.

2 PRELIMINARIES

In this section, we describe one-shot coreset selection and discuss the motivation behind our work.

2.1 ONE-SHOT CORESETSELECTION

Consider a training datasetS containingN examplesf (x i ; yi )gN
i =1 drawn i.i.d. from an underlying

distributionP. One-shot coreset selection refers to the selection of a subsetS0 of the data at a given
pruning rate� such that the loss of the model� trained onS0 using loss functionL is minimized on
an evaluation set drawn fromP. This results in the optimization problem as follows:

min
S0� S: j S 0j

j S j � (1 � � )
Ex;y � P [L (x; y; � � (S0))] (1)

2.2 DESIDERATA OFCORESET

Coresets are representative subsets of larger datasets and aim to preserve the performance achieved
by training on the full dataset. Prior works on understanding training dynamics point towards two
important factors for ensuring the same i.e. example dif�culty and data diversity.

Example dif�culty. Multiple works have sought to de�ne example dif�culty in order to understand
how deep neural networks process data. Statistical metrics like consistency score (Jiang et al., 2021)
measure the probability of predicting the correct label of an instance when it is left out of the training
dataset. Sorscher et al. (2022) provide theoretical justi�cation for retaining the hardest examples
when pruning large datasets for a perceptron learning setting. Swayamdipta et al. (2020) show that
examples that have a high degree of variance in the model's predictions during training have the
largest impact on the model's overall performance. Accordingly, coreset selection methods based on
dif�culty score functions prioritize the selection of dif�cult examples for coresets (Guo et al., 2022).
However, it has been shown that deep learning models learn easy data and simple functions earlier in
training (Jiang et al., 2021; Toneva et al., 2018; Baldock et al., 2021) and easy examples ease the
optimization of deep learning networks in the high-dimensional data manifold. Moreover, Zheng et al.
(2022) demonstrate that it is necessary to include easy examples to ensure coverage in high-density
areas of the data distribution, which leads to the next factor of consideration i.e. data diversity.

Data diversity. Representation structure has been explored in several works as the key to the
generalization of deep learning models; variance in representations for each class should be as large
as possible while also being uncorrelated from other classes (Xia et al., 2023). The diversity of a
dataset can be captured in many ways such as coding rate (Yu et al., 2020; Chan et al., 2022), max
dispersion or convex hull volume (Yu et al., 2022) and coverage (Sener & Savarese, 2018; Zheng et al.,
2022). A setS0 is ar -cover of another setS, when a set ofr -radius balls centered at each element in
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Figure 2: Sampling Methods. Density heat map of data distribution (left) and histogram of importance
scores (right) in (A) a single class in the CIFAR10 dataset, and coresets selected under 90% pruning
rate via (B) random sampling, diversity-only submodular approaches (C) facility location, (D) graph-
cut (Iyer et al., 2021), (E) Moderate selection (Xia et al., 2023) and (F) our method,D2 PRUNING,
designed to balance data diversity (pretrained ResNet18 features) and dif�culty (Toneva et al., 2018).

S0 covers the entireS. The radiusr can be used as a metric to measure coverage ofS0 onS (Sener
& Savarese, 2018). Zheng et al. (2022) introduce the metric AUCpr (Area under coverage), which
is computed against test setD test i.e. AUCpr (S) = Ex 2 D test [min x 02 Sd(x0; x)] and theoretically
show that it is important to minimize the AUCpr for better generalization. Dif�cult samples tend
to be rarer samples found in the low-density areas of the data distribution whereas easy samples
tend to lie in high-density areas. An effective coreset should contain suf�cient samples from both
areas to ensure maximum coverage. However, optimizing for diversity only leads to coresets with a
skewed distribution over example dif�culty. As we show in Fig. 2(c),k-center selection minimizes
the distance of samples inS from S0 and has high coverage of the underlying data distribution. But,
the selected coreset contains a disproportionate number of easy samples, rendering it ineffective.

Example dif�cultyanddiversityare two complementary factors that make an effective coreset. Hence,
coreset selection methods need to unify the in�uence of these factors in a constructive manner. To this
end, we represent the datasetS as a graph and introduce a novel message-passing algorithm (Vashishth
et al., 2019a;b),D2 PRUNING, that accounts for both factors when selecting samples for coreset.

3 D2 PRUNING: MESSAGE PASSING FOR CORESET SELECTION

Consider a datasetS, where each samples is represented in an embedding space, i.e.,s 2 R d.
We seek to select a coresetS0 consisting of a subset of the samples inS as outlined in Sec. 2.1.
Moreover, our goal is to combine the in�uence of embedding distance and dif�culty scores when
selecting samples for coreset (see Sec. 2.2). This setting naturally lends itself to a representation
using undirected graphG, where each sample is represented as a node with node-featurex i , and edge
weightseij to indicate its connectivity with other samples in the embedding space (see Fig. 1(a)). We
use message-passing to `inform' a sample about (a) its proximity to adjacent samples in an embedding
space, and (b) the dif�culty scores of its neighbors. First, we brie�y discuss message passing for
graphs, and then we discuss our proposed algorithm,D2 PRUNING.

3.1 MESSAGEPASSING

Message passing (Hamilton et al., 2017) is a widely-used operation performed on graphs to propagate
information from a node's neighbors to itself and update the state of the node based on the newly
acquired information. For instance, Gilmer et al. (2017); Gasteiger et al. (2020) use message-passing
to encode molecular structures for chemical prediction. The message-passing phase is de�ned in
terms of a message functionM and a node update functionU. In the message passing phase, a given
nodei receives messages from each of its neighbors and aggregates them to update its feature value:

mi =
X

j 2N ( i )

mij ; where mij = M (x j ; ei;j ) (2)

x i = U(x i ; mi ) (3)

whereN (i ) denotes the neighbors of nodei in graphG. U is an aggregation function that accounts
for the messages received from all neighbors, as well as the node's own feature.
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