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Hierarchical Bayesian Dataset Selection

Xiaona Zhou

(ABSTRACT)

Despite the profound impact of deep learning across various domains, supervised model train-

ing critically depends on access to large, high-quality datasets, which are often challenging to

identify. To address this, we introduce Hierarchical Bayesian Dataset Selection (HBDS), the

first dataset selection algorithm that utilizes hierarchical Bayesian modeling, designed for col-

laborative data-sharing ecosystems. The proposed method efficiently decomposes the contri-

butions of dataset groups and individual datasets to local model performance using Bayesian

updates with small data samples. Our experiments on two benchmark datasets demonstrate

that HBDS not only offers a computationally lightweight solution but also enhances inter-

pretability compared to existing data selection methods, by revealing deep insights into

dataset interrelationships through learned posterior distributions. HBDS outperforms tra-

ditional non-hierarchical methods by correctly identifying all relevant datasets, achieving

optimal accuracy with fewer computational steps, even when initial model accuracy is low.

Specifically, HBDS surpasses its non-hierarchical counterpart by 1.8% on Digit-Five and 0.7%

on DomainNet, on average. In settings with limited resources, HBDS achieves a 6.9% higher

accuracy than its non-hierarchical counterpart. These results confirm HBDS’s effectiveness in

identifying datasets that improve the accuracy and efficiency of deep learning models when

collaborative data utilization is essential.
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(GENERAL AUDIENCE ABSTRACT)

Deep learning technologies have revolutionized many domains and applications, from voice

recognition in smartphones to automated recommendations on streaming services. However,

the success of these technologies heavily relies on having access to large and high-quality

datasets. In many cases, selecting the right datasets can be a daunting challenge. To tackle

this, we have developed a new method that can quickly figure out which datasets or groups

of datasets contribute most to improving the performance of a model with only a small

amount of data needed. Our tests prove that this method is not only effective and light on

computation but also helps us understand better how different datasets relate to each other.
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Chapter 1

Introduction

1.1 Motivation

Deep learning models have achieved remarkable success in various supervised learning tasks

due to their ability to process and learn from large volumes of data. However, the effective-

ness of these models is contingent upon the availability of vast, high-quality datasets. In

many industries, assembling such datasets is not only challenging but also cost-prohibitive,

especially for smaller entities or niche markets. These challenges call for innovative ap-

proaches to data acquisition and utilization. The concept of a data-sharing ecosystem,

where stakeholders share access to their datasets, presents a promising solution to address

these challenges. In a data-sharing ecosystem, every participant benefits from the pooled

data resources, reducing the individual burden of data collection and processing.

However, with the increasing availability of shared data, there is an emerging need for meth-

ods that can automatically select the most relevant datasets for specific tasks. The goal is

to identify datasets that are most likely to improve model accuracy without incurring sub-

stantial computational costs. Effective dataset selection mechanisms become paramount,

as indiscriminate data usage can lead to inefficient training and suboptimal model perfor-

mance. In addition, in a data-sharing ecosystem participants may usually own multiple

datasets that are often similar due to analogous production processes. These datasets natu-

rally form groups, which correspond to the typical organizational structures found in industry

1



2 Chapter 1. Introduction

Figure 1.1: In scenarios where there are abundant datasets, e.g., in a data-sharing ecosystem,
the task of identifying beneficial datasets for model training is challenging. HBDS makes use
of the hierarchical structure of the datasets and dataset groups and employs hierarchical
Bayesian modeling to efficiently identify beneficial datasets.

sectors such as manufacturing or digital services, where similar processes yield similar types

of data. Within each group, datasets are interconnected and share characteristics, creating

a hierarchical structure between the group and its individual datasets.

This hierarchical organization not only mirrors the complexity of real-world data interactions

but also opens new directions for more effective data management and utilization strategies.

Previous studies have aimed to optimize data utility for model training, employing strate-

gies from active learning to algorithms that select high-value data subsets to improve model

performance [3, 7, 8, 35, 42]. However, data selection methods operate independently of the

inherent quality of data points within a dataset, as they prioritize the selection of individual

points based on predefined criteria rather than comprehensive dataset quality assessment.

On the other hand, dataset selection typically requires considering the collective characteris-

tics, distribution, and quality of the entire dataset to ensure its suitability for a specific task

or analysis. Relying solely on data point selection may overlook important aspects such as

data coherence and representativeness of the dataset as a whole. Moreover, these methods

often incur significant computational costs, rendering them impractical when dealing with

a large number of data points. Moreover, the benefits derived from each selection are of-
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ten minimal, underscoring the need for more scalable and computationally efficient dataset

selection approaches.

To address these challenges, we introduce Hierarchical Bayesian Dataset Selection (HBDS), a

novel dataset selection technique that groups datasets based on similarities in their collection

processes and anticipated usefulness, thus mitigating the computational overhead typically

associated with data evaluation methods. HBDS leverages hierarchical Bayesian modeling to

estimate the contribution of dataset groups and datasets to the training of a local model. We

perform experiments with three baselines on two benchmark datasets under varying settings.

Experimental results demonstrate that HBDS outperforms the baselines after just 15 steps,

even with non-ideal dataset grouping, i.e., dissimilar datasets are grouped together. When

training continues until reaching the natural stopping condition, HBDS consistently surpasses

the non-hierarchical counterpart, requiring around 25 fewer training steps. Furthermore,

when tested on local models with low initial accuracy, HBDS consistently improves model

performance with selected datasets.

1.2 Thesis Contributions

We introduce a framework designed to optimize dataset selection effectively. Our approach

utilizes hierarchical Bayesian modeling to infer the potential contributions of dataset groups

and individual datasets to the performance improvement of a local model. The priors are

updated using a single representative data point from the datasets at each step, ensuring

that our framework remains computationally lightweight. The primary computational ef-

fort involves generating predictions from the local model, rather than updating the priors.

Our experiments validate that considering the hierarchical structure between dataset groups

and individual datasets significantly improves selection efficiency. Moreover, the learned
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posterior distributions accurately capture the interrelationships among datasets, providing

interpretability that existing data selection methods lack.

We summarize the key contributions as follows:

(1) We introduce HBDS, the first algorithm dedicated to dataset selection utilizing hierarchi-

cal Bayesian modeling. HBDS is a hierarchical Bayesian Bandit method that leverages

the hierarchical structure of dataset groups and individual datasets, facilitating more

efficient selection compared to traditional non-hierarchical approaches.

(2) Through rigorous testing on two benchmark datasets, we demonstrate that HBDS con-

sistently outperforms traditional non-hierarchical counterparts, achieving optimal or

near-optimal accuracy with fewer computational steps.

(3) Ablation studies demonstrate that even when the initial accuracy of the local model

is as low as 10%, HBDS consistently enhances performance, underscoring its robustness

and adaptability. In scenarios lacking relevant datasets, the learned posterior means

remain low after extensive exploration, effectively signaling the absence of useful data.

Additionally, HBDS is scalable to a larger data-sharing ecosystem and maintains good

performance. Qualitative analysis shows that the learned posterior distributions closely

capture the relationship between datasets, data groups, and the local model.



Chapter 2

Review of Literature

2.1 Data Selection

Research in data selection has focused on improving the efficiency and quality of training

data used in machine learning models. While these methods are effective in improving model

performance through strategic data selection, they are not suitable for our task. Given the

numerous datasets within a data-sharing ecosystem and the vast number of data points, any

form of data selection becomes impractical due to the overwhelming computational demands.

2.1.1 Active Learning

Active learning strategies are employed to iteratively select unlabeled training examples for

labeling, enhancing model performance with minimal labeling effort. This includes work by

Sener and Savarese [42], who use core-set selection to select a subset of points such that a

model trained on this subset performs well on the remaining data points. Fraga-Silva et al.

[7] employ a variety of criteria to select data for labeling in the area of speech recognition.

Gal et al. [8] propose combining Bayesian deep learning with active learning for selecting

high-dimensional data. Christen et al. [3] utilize an informativeness measure to efficiently

expand the training dataset without requiring extensive manual labeling, thus reducing the

overall effort needed while still maintaining or even enhancing model performance. Sarawagi

5
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and Bhamidipaty [39] use active learning to pinpoint and prioritize data inconsistencies,

automating the challenging aspects of deduplication, and minimizing the instances required

to attain high accuracy. Complementing these efforts, several works [18, 20, 35] employ active

learning for subset selection, efficiently constructing high-quality subsets from available data,

thus maintaining or enhancing model performance efficiently.

2.1.2 Data Valuation

Data valuation methods aim to quantify the usefulness of data sources and assign value to

individual data points, guiding data selection strategies. Yoon et al. [53] develop a data value

estimator that employs a meta-learning framework to determine the value of data by jointly

learning with the target task predictor model, while Kwon and Zou [24] apply the out-of-bag

estimate in bagging models to evaluate data point contributions. Although Shapley values

are commonly used for data valuation [4, 12, 23, 28, 34, 40, 46], their use is computationally

intensive due to reliance on algorithms that estimate marginal contributions, and they face

challenges like randomness from stochastic gradient descent [47]. To counter this, Wang

and Jia [47] propose the Banzhaf value, derived from cooperative game theory, offering

a more stable alternative and an effective estimation algorithm. Furthermore, Just et al.

[17] present a model-agnostic framework using class-wise Wasserstein distance to value data

points effectively. Practical applications are exemplified by Kim and Lee [19] in human

activity recognition, demonstrating these methodologies’ real-world applicability.

2.1.3 Reinforcement Learning

In reinforcement learning for data selection, Gutiérrez et al. [13] utilize Thompson Sampling

within a Multi-Armed Bandit (MAB) framework to enhance medical image analysis by
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selecting training data from partitioned clusters based on prediction accuracy. However,

the effectiveness of this method is limited in contexts where not all data samples improve

model performance or when necessary meta-information is unavailable. Additionally, Wang

and Zeng [49] apply MAB to select high-value data items from large data streams, integrating

various data characteristics into the reward function.

2.1.4 Other Techniques

Several other data selection techniques have been proposed to enhance efficiency and ac-

curacy in various applications, including those handling large, high-dimensional datasets.

Bernhardsson [2] utilize randomized tree forests to enhance approximate nearest neighbor

searches, allowing for the efficient expansion of training sets with similar data points in a

high-dimensional space and reducing both computational resources and query times. Lü

et al. [29] introduce a method for redistributing weights within sentence pairs of parallel

corpora, effectively prioritizing the most impactful data for machine translation without

requiring extra resources. Everaert and Potts [6] propose minimizing the Kullback-Leibler

(KL) divergence between a target set and the selected set to construct a subset for training,

enhancing the relevance and effectiveness of the training data. Mirzasoleiman et al. [31]

focus on identifying representative subsets of training data by maximizing a submodular

function, which accelerates the learning process without compromising on model accuracy.

Complementing this, Engstrom et al. [5] conceptualize the selection of training data as an

optimization problem, aiming to maximize model performance by precisely modeling how

individual data points contribute to learning and predicting target tasks.
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2.2 Hierarchical Bandit

Hierarchical Bandit algorithms address the challenges of adaptive decision-making in en-

vironments where decisions are structured hierarchically and are particularly effective in

scenarios where actions at a higher level influence the options available at a lower level.

2.2.1 Application in Recommendation Systems

Hierarchical bandit has been applied in recommendation systems. One earlier work [54] in-

troduce a hierarchical bandit algorithm that accelerates contextual bandit learning in recom-

mender systems by utilizing a coarse-to-fine feature space, resulting in significantly enhanced

efficiency and outperforming traditional methods. Another work [48] present a novel hierar-

chical multi-armed bandit algorithm for automating IT service recommendations, structuring

different automation in a hierarchy that aligns with the complexity of IT problems. A more

recent work [51] apply hierarchical adaptive contextual bandits to make recommendations

under resource constraints, featuring an upper layer for resource allocation and a lower layer

focused on personalized recommendation. Zuo et al. [56] propose hierarchical bandit algo-

rithms for conversational recommendations, leveraging the hierarchical relationship between

key-term questions and item recommendations to enhance recommendation efficiency. In

contrast, Santana et al. [38] propose to dynamically select the most appropriate system

based on the current context by employing a meta-bandit structure that oversees a set of

pre-trained recommender systems. These examples underline the effectiveness of hierarchi-

cal bandit algorithms in various decision-making tasks, suggesting their potential utility in

dataset selection for enhancing model training.
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2.2.2 Broad Applications Across Various Domains

Neyshabouri et al. [32] develop a hierarchical bandit framework for sequential learning that

efficiently partitions the context space and combines mappings to bandit arms, achieving

near-optimal arm selection in adversarial environments. By employing binary trees and

other structures, their algorithm outshines existing methods in diverse experimental scenar-

ios with both real and synthetic data. Zhao et al. [55] develop a hierarchical adversarial

bandit framework to enhance relay selection in underwater acoustic networks, helping the

network process and transfer data more efficiently and reducing communication costs. Ngo

et al. [33] propose a strategy that leverages hierarchical edge computing to improve anomaly

detection in IoT devices. This approach balances the trade-off between model complexity

and response time, achieving improved accuracy and reduced delays, as validated through

simulations on real IoT testbeds. Closer to our work, Wigmore et al. [50] employ Hierarchical

Thompson Sampling for multi-band radio channel selection, demonstrating how leveraging

the hierarchical structure between bands and channels significantly improves algorithmic per-

formance over traditional methods. The hierarchical structure observed in frequency bands

and channels bears a resemblance to the grouping of dataset groups and datasets in our

context, providing a compelling parallel to our aim to explore whether such a hierarchical

framework could enhance the dataset selection task.

2.2.3 Advanced Developments in Adaptive Exploration

To enhance the adaptability of bandit algorithms in dynamically complex environments,

Kveton et al. [22] introduce Meta-Thompson Sampling (MetaTS), an innovative variant that

meta-learns from interactions with bandit instances from an unknown prior. This approach

enhances the exploration process in bandit algorithms by using past experience to inform bet-
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ter decision-making in environments characterized by uncertainty. Hong et al. [14] propose

HierTS, a hierarchical Bayesian model with a novel Thompson sampling algorithm designed

to optimize decision-making across multiple hierarchical data structures. They provide an

efficient implementation for Gaussian hierarchies, supported by theoretical analysis.



Chapter 3

Methodology

3.1 Overview

HBDS employs Bayesian modeling to assess the potential contributions of both dataset groups

and individual datasets to a local model’s performance. Initially, HBDS represents dataset

groups as the first layer of arms and individual datasets as the second layer, each associated

with Gaussian distributions. HBDS then samples from these distributions to select the arms

with the highest values. Upon receiving a reward, HBDS updates its knowledge using closed-

form Bayesian posterior calculations. Figure 3.1 presents an overview of the method.

3.2 Problem Definition

Consider n data groups g = {g1, g2, ..., gn} = {gi}i∈[n], where each data group contains one or

more datasets. The set of datasets belonging to data group gi is denoted as di = {di,j}j∈[m],

where i denotes the group index and j denotes the j-th dataset. Each dataset contains an

arbitrary number of data points. The set of all datasets across all data groups is represented

as d = {di}i∈[n]. The goal is to identify datasets that significantly enhance the performance

of a local model for a given group.

11
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... ...... ...

HBB

... ...... ...

HBB

Figure 3.1: Diagram of the HBDS dataset selection method. Each dataset and its correspond-
ing group are modeled using Gaussian distributions N (θi, σ̂

2
i ) and N (µi, σ

2
i ) for datasets

and dataset groups, respectively. The selection process involves choosing a dataset group,
followed by a specific dataset within that group. Upon receiving a reward, the posterior
distributions for the dataset and the dataset group are updated to N (µ′, σ′2) and N (θ′, σ̂′2)
respectively.

3.3 HBDS Initialization

HBDS addresses the dataset selection problem with a Hierarchical Bayesian Bandit (HBB)

model. Bayesian modeling is a powerful statistical framework for making inferences about

unknown parameters in a dataset while accounting for uncertainty [10, 11]. Each data group

gi is characterized by θi, and each dataset di,j by θi,j, with corresponding reward distributions

ri,j(t). We assume normal distributions for data group and dataset priors, as well as reward

distributions, with unknown means and known variances. Note that, given θi,j, the reward

ri,j(t) is conditionally independent of the data group parameter θi. The prior model is

described by:

θi ∼,N (µi, σ
2
i ), ∀i ∈ [n]

θi,j|θi ∼,N (θi, σ̂
2
i ),∀j ∈ [m]

ri,j(t)|θi,j ∼ N (θi,j, σ
2
r),∀D(t) = di,j,

(3.1)
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Algorithm 1 HBDS Dataset Selection
Initialize P (θi|ri) group distributions, P (θi,j|ri,j) dataset distributions, N (θi,j, σ

2
r) reward

distributions
for t = 1,..., T do

for i = 1,..., n do
Sample θ̂i(t) ∼ P (θi|ri)

end for
i = argmax[θi(t)∀i ∈ [n]] . gi is chosen
for j = 1,..., m do

Sample θ̂i,j(t) ∼ P (θi, j|ri,j)
end for
j = argmax[θi,j(t)∀j ∈ [m]] . di,j is chosen
receive reward ri,j(t) = 1{ŷ = y}
update P (θi|ri), P (θi,j|ri,j) . Eq. (3.2) and Eq. (3.3)

end for

where µi represents the mean of the prior distribution for data group gi, σ2
i is the variance,

σ̂2
i is the variance of the dataset prior distribution θi,j, and σ2

r is the variance of the reward

distribution. The goal is to iteratively update the posterior distribution of θi and θi,j by in-

corporating all observed reward values accumulated up to the current time step t. Through

this continual update process, HBDS converges towards accurate estimations of the true dis-

tributions for both θi and θi,j after a number of iterations. The HBDS algorithm is described

in Algorithm 1.

HBDS starts by assigning all dataset groups g with the same group and dataset prior distribu-

tions N (µ0, σ
2
0) and N (θ0, σ̂

2
0). At every time step t, θ̂i is drawn from the normal distributions

associated with each dataset group θ̂i ∼ P (θi|ri) and the dataset group gi with the largest

value is chosen. Given dataset group selection gi, HBDS then draws θ̂i,j from the distributions

associated with the datasets within the chosen dataset group, i.e., θ̂i,j ∼ P (θi,j|ri,j), and

selects the dataset with the largest values, denoted as D(t) = di,j.
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3.4 Posterior Distribution Computation

HBDS receives a reward from the chosen dataset and updates the distribution associated with

the chosen dataset group and dataset using Eqs. (3.3) and (3.5). The posterior distribution

of θi after observing reward values ri = {ri,j}, j ∈ [m], where ri,j = {ri,j(t), ∀D(t) = di,j},

represents all rewards received by dataset di,j up to current time step, is as follows:

∫
θi,j

(
m∏
j=1

N (ri,j; θi,j, σ
2
r)

)
N (θi,j; θi, σ̂

2
i )dθi,jN (θi;µi, σ

2
i ). (3.2)

From Eq.(3.2), we can derive the posterior distribution of θi as

P (θi|ri) = N

(
λ2
i

(
µi

σ2
i

+
s̄i

σ̂i
2 + σ2

r

ni

)
, λ2

i

)
(3.3)

where λ2
i =

(
1
σ2
i
+ 1

σ̂i
2+

σ2
r

ni

)−1

and s̄i =
∑m

j=1 ri,j

ni
is the mean of ri. Here, ni is the number of

times dataset group gi has been selected. The derivation of Equation (3.3) can be found in

[10, 22]. The posterior distribution becomes the new prior for the next computation. Notice

that the posterior mean is the weighted sum of the prior mean µi and the average reward

s̄i. The weight of s̄i changes from 1
σ̂i

2+σ2
r
, when ni = 1, to 1

σ̂i
2 , when ni → ∞. 1

σ̂i
2 is the

minimum amount of uncertainty that cannot be reduced by more selection.

Since the reward ri,j(t) is conditionally independent of the data group parameter θi, the

posterior density of θi,j, after observing rewards ri,j(t) at current time step t, is:

P (θi,j|ri,j) ∝P (θi,j)p(ri,j|θi,j)

= P (θi,j)
∏
t

p(ri,j(t) | θi,j), ∀D(t) = di,j.
(3.4)
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The posterior distribution of θi,j can be derived as

P (θi,j|ri,j) = N

λ2
i,j

 θi
σ̂2
i

+
s̄i,j
σ2
r

ni,j

 , λ2
i,j

 (3.5)

where λ2
i,j =

(
1
σ̂2
i
+

ni,j

σ2
r

)−1

, and s̄i,j =
ri,j
ni,j

is the mean of ri,j. Here, ni,j is the number of times

dataset di,j has been selected. The derivation of Equation 3.5 can be found in [11]. Different

from the dataset group posterior, the dataset posterior only depends on the rewards received

by the dataset. The mean is a weighted average of the conditional dataset group parameter

θi and the averaged reward s̄i,j. Similar to the dataset group prior mean µi, θi is a bias term

that influences the decay of the dataset posterior mean. As ni,j → ∞, the dataset posterior

variance goes to zero, and the dataset posterior mean approaches the averaged reward s̄i,j.

3.5 Dataset Selection Based on Posterior Distributions

We formalize dataset selection using posterior means with a two-step process: first selecting

a dataset group, then selecting a dataset within that group. A dataset or dataset group is

selected if its posterior mean exceeds a percentile-based threshold within the context of all

evaluated datasets or dataset groups, as described by, i.e.,

Select if µ > F−1(x),

where µ represents a posterior mean, and F−1 is the inverse of the cumulative distribution

function (CDF) for the posterior means, setting the threshold at the x-th percentile. The

selection threshold x is adaptively chosen based on the specific needs and constraints of the

training environment. For example, a high percentile (e.g., 90th) indicates a stringent crite-
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rion, suitable for scenarios with high training costs or where poor data quality significantly

impacts model performance. Conversely, a lower percentile may be used in exploratory set-

tings or when additional data inclusion costs are minimal. Alternatively, based on the use

case, the selection of top x datasets or dataset groups may be more appropriate.



Chapter 4

Experiments and Results

4.1 Experiments

4.1.1 Datasets

To validate the effectiveness of the proposed method, we leveraged two publicly available

datasets Digit-Five and DomainNet [36]. Both datasets have been widely used to evaluate

domain adaptation models [16, 21, 27, 30, 41, 43, 44, 52] and provide groupings based on

different domain types for the same task.

Digit-Five Dataset. The Digit-Five dataset is a collection of five handwritten digit images

and is commonly used for training machine learning digit recognition models. The dataset

contains images of handwritten digits (0-9) from multiple writers, with variability in writing

styles, stroke thickness, and other characteristics. Each image is associated with a label

indicating the digit it represents. The dataset can be divided into five different groups:

• MNIST [25]: Comprises clean, grayscale images of handwritten digits in a uniform

style, ideal for basic image processing.

• MNIST-M [9]: Augments MNIST digits onto backgrounds extracted from BSDS500,

introducing complex color backgrounds and varying image textures.

• USPS [15]: Features smaller (16x16 pixels) grayscale images of digits from scanned

17
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mail, characterized by variations in scale and stroke thickness.

• SVHN [37] : Contains real-world, full-color images of house numbers captured in natu-

ral scenes, with a range of fonts, overlapping numbers, and diverse lighting conditions.

• SYN [9]: Includes synthetic images of digits manipulated with different font styles and

digital effects such as blur and noise, simulating a variety of digital environments.

For our experiments, we utilize preprocessed data as provided by Schrod et al. [41]. Digit

images from MNIST, MNIST-M, and USPS are processed to dimensions of (3, 28, 28), while

those from SYN and SVHN resized to (3, 32, 32). Initially, a feature extractor was trained

on these images to obtain feature vectors of shape (16, 7, 7), and the feature vectors were

used for the experiments, not the actual image data. For each of the five digit datasets, we

randomly sample data points to divide them into three mutually exclusive groups. We refer

to each subgroups from MNIST subset as {mn0, mn1, mn2}, subgroups from MNIST-M as

{mm0, mm1, mm2}, subgroups from USPS as {us0, us1, us2}, subgroups from SVHN as

{sv0, sv1, sv2}, and subgroups from SYN as {sy0, sy1, sy2}.

DomainNet Dataset. The DomainNet [36] dataset is a large-scale unsupervised domain

adaptation dataset that covers a wide range of object categories across six different domains,

including real, clipart, painting, sketch, infograph, and quickdraw. Each domain represents a

distinct artistic or graphical style. A subset of the DomainNet dataset is used to validate the

proposed method. For our experiments, we select images from 15 classes across four domains:

CLIPART (a collection of clip art images), QUICKDRAW (drawings from the global players

of the game “Quick Draw”), REAL (photos and real-world images), and SKETCH (sketches

of specific objects). Data pre-processing is conducted similarly to that of the Digit-Five

dataset. For each of the domain subsets, we randomly sample data points to divide them

into three mutually exclusive groups. We refer to each subgroups from the CLIPART subset
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as {cl0, cl1, cl2}, QUICKDRAW subgroups as {qu0, qu1, qu2}, subgroups from REAL as

{re0, re1, re2}, and subgroups from SKETCH as {sk0, sk1, sk2}.

The baseline HEG and the proposed HBDS consider the hierarchical structure of dataset

groups. In practice, datasets can be either formed naturally, e.g., due to data generated

by different stakeholders, or can be formed due to other kinds of metadata or machine

operational status [26]. In our experiments, we consider two distinct settings of varying

difficulty:

• Perfect Groups: Subsets derived from the same dataset form groups that represent

different domains or data distributions. To simulate experiments when data from the

same source share similar characteristics, we divide Digit-Five into subgroups based

on domain, i.e., forming five subgroups, each with three distinct data subsets: {mn0,

mn1, mn2}, {mm0, mm1, mm2}, {us0, us1, us2}, {sv0, sv1, sv2}, and {sy0, sy1, sy2}.

Similarly, DomainNet forms five subgroups based on domain, each with three distinct

data subsets, i.e., {cl0, cl1, cl2}, {qu0, qu1, qu2}, {re0, re1, re2}, {sk0, sk1, sk2}.

• Mixed Grouping: In other practical settings, cross-domain data collection is possible,

e.g., an institution may possess datasets that originate from multiple domains that

aim to solve distinct but similar tasks. To assess the robustness of HBDS under this

challenging scenario, we experiment with mixed groupings where subsets from different

datasets are combined. The Digit-Five dataset is divided into the following subgroups:

{mn1, mn2, mm0}, {mm1, mm2, us0}, {us1, us2, sv0}, {sv1, sv2, sy0}, {sy1, sy2,mn0

}. As for the DomainNet dataset, the mixed groupings are {cl1, cl2, qu0}, {qu1, qu2,

re0}, {re1, re2, sk0}, {sk1, sk2, cl0}.
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4.1.2 Baselines

To evaluate the proposed framework, we perform comparisons to demonstrate: (1) the advan-

tage of the hierarchical structure in selecting datasets compared to non-hierarchical methods,

and (2) the effectiveness of capturing dependencies between datasets. We compare the pro-

posed HBDS with three baselines:

• Epsilon-Greedy (EG) [45]: Selects the best-performing dataset most of the time

(1-ε) but randomly selects any other dataset with probability ε, ensuring both explo-

ration and exploitation. EG treats each dataset independently without considering

any hierarchical group structure.

• Bayesian Bandit (BB): Operating similarly to Thompson Sampling [1]. BB is closest

to HBDS but without considering the hierarchical grouping of datasets.

• Hierarchical Epsilon-Greedy (HEG): Adapts the EG strategy to a hierarchical

context, using a two-stage selection process where the group is chosen based on the

EG principle followed by dataset selection within the chosen group through another

EG mechanism.

• Local: Model trained only on the local datasets from a specific data group, with no

additional datasets used for training.

• Global: Model train on the local datasets from a specific data group, as well as the

additional datasets originating from the same domain, irrespective of dataset groups,

e.g., a model trained on all MNIST data subsets {mn0, mn1, mn2}.
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4.1.3 Implementation details

For the Digit-Five dataset, the local classifiers consist of a single CNN layer. Each model is

trained on a training set and evaluated on its test set, and the resulting accuracy is referred

to as the loc (local accuracy). Figure 4.1 presents the ground truth accuracy heatmap,

where the first column displays the local accuracy for each digit classifier on the MNIST

({mn0, mn1, mn2}), MNIST-M ({mm0, mm1, mm2}), USPS ({us0, us1, us2}), SVHN ({sv0,

sv1, sv2}) and SYN ({sy0, sy1, sy2}) subgroups while the last column reveals the global

accuracies achieved after each classifier is trained on the relevant subsets sampled from its

corresponding dataset. For example, the global accuracy of 0.90 for MNIST is achieved

by training the local model on {mn0, mn1, mn2}. Training on other datasets yields lower

accuracies than the local accuracy, suggesting a degradation in performance. Therefore, the

optimal performance for MNIST is attained by training on the datasets mn0, mn1, and mn2.

The middle columns depict the accuracies of the local classifiers after additional training on

each individual subset.

For the DomainNet[36] dataset, the local classifier consists of three fully connected layers.

Figure 4.1 (b) shows that the CLIPART model exhibits the lowest local accuracy at 0.42, while

the sketch model achieves the highest local accuracy at 0.67. In this benchmark, although

the local model still gains the most improvement when trained on external sets from the

same domain, datasets from other domains also improve model accuracy. For instance, in

the case of the REAL model, CLIPART datasets {cl0, cl1, cl2} contribute to enhancing

local model performance. These characteristics render the DomainNetexperiments closer to

realistic data-sharing settings.

For EG and HEG, we use ε = 0.1 as the exploration-exploitation trade-off parameter. For

HBDS and BB, we set µ0 and θi to zero, and σ2
0 and σ̂2

0 to 2, as prior distributions for all
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Figure 4.1: Heatmap illustrating the accuracies of local classifiers post-training on different
DomainNet subsets. The first column displays local accuracies on test sets, while the last
column represents the optimal accuracy achievable considering all available relevant same-
domain datasets. The middle columns depict accuracies after training on additional relevant
subsets from the same domain.

dataset groups and datasets. We set the pre-defined percentile posterior mean threshold to

80 and 60 for the perfect and mixed groups, respectively. At every time step, HBDS decides

on a dataset to select, retrieves a sample, and the local model predicts the sample’s label.

The accuracy of this prediction determines the reward, i.e.,

ri,j(t) =


1 if ŷ = y,

0 otherwise,



4.2. Experimental Results 23

where ŷ represents the predicted label and y the actual label of the sample. This reward,

either 1 for a correct prediction or 0 for an incorrect one, serves as the sole feedback for the

algorithm to update its prior beliefs. The algorithm systematically refines these beliefs in

response to the observed reward outcomes. For accurate and efficient dataset selection, we

employ K-means clustering to identify representative data points, selecting five points nearest

to the centroids in each cluster to encapsulate the dataset’s characteristics. Specifically,

for Digit-Five, which comprises 10 distinct classes, we configure the clustering algorithm

to generate 10 clusters to ensure that the variability inherent in each class is captured

effectively. The model’s priors are updated exclusively using 5 near-centroid points from

each cluster. Similarly, for the DomainNet data, we generate 15 clusters corresponding to

the 15 classes in the dataset and use 5 near-centroid points from each cluster. An empirically

determined natural stopping condition is employed, whereby the data selection stops when

all representative points from a particular dataset are selected, indicating that the selection

model has identified a specific dataset as likely to significantly enhance model performance.

The total number of steps required to explore all representative points from all 15 Digit-Five

data subsets is 750 (corresponding to the 15 data subsets, each with 10 clusters and 5 near-

centroid points for each cluster). Similarly, the total number of steps required to explore all

representative points from DomainNet is 1125. However, our experiments verify that the

proposed empirical stopping criterion requires significantly fewer number of steps.

4.2 Experimental Results

In Table 4.1, we summarize results for Digit-Five dataset. We report mean and standard

deviation over 5 experimental runs. To showcase the effectiveness of the proposed HBDS,

we compare with global and local models, non-hierarchical baselines EG and BB, and the
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Table 4.1: Performance comparison on Digit-Five of HBDS against baselines (averaged over
5 runs) under perfect and mixed group settings. Best performance is highlighted in blue
bold and second-best is bold.
Method Hierachical MNIST SVHN USPS MNIST-M SYN AVG
Local 7 0.527±.065 0.509±.034 0.522±..032 0.494±.024 0.509±.051 0.512±.041
Global 7 0.890±.011 0.701±.014 0.924±.007 0.798±.016 0.634±.014 0.789±.112

EG 7 0.848±.021 0.508±.000 0.622±.140 0.556±.077 0.498±.000 0.606±.146
BB 7 0.884±.022 0.703±.029 0.910±.017 0.790±.029 0.585±.064 0.774±.126
HEG 3 0.873±.017 0.543±.079 0.560±.000 0.628±.147 0.498±.000 0.620±.160
HEG (mixed) 3 0.869±.009 0.536±.064 0.628±.153 0.522±.000 0.512±.031 0.613±.051
HBDS 3 0.893±.011 0.707±.010 0.915±.013 0.792±.021 0.653±.026 0.792±.016
HBDS (mixed) 3 0.880±.035 0.698±.027 0.904±.030 0.770 ±.028 0.576±.072 0.766±.130

Table 4.2: Performance comparison on DomainNet of HBDS against baselines (averaged over
5 runs) under perfect and mixed group settings. Best performance is highlighted in blue
bold and second-best is bold.

Method Hierachical CLIPART QUICKDRAW REAL SKETCH AVG
Local 7 0.400±.024 0.640±.021 0.610±.011 0.675±.011 0.581±.017
Global 7 0.784±.006 0.868±.013 0.876±.015 0.737±.009 0.816±.011

EG 7 0.739±.015 0.742±.123 0.803±.115 0.670±.000 0.739±.063
BB 7 0.767±.009 0.874±.011 0.885±.009 0.711±.008 0.809±.009
HEG 3 0.772±.030 0.784±.120 0.880±.009 0.677±.015 0.778±.044
HEG (mixed) 3 0.697±.117 0.776±.113 0.852±.055 0.689±.019 0.754±.076
HBDS 3 0.785±.001 0.878±.004 0.886±.009 0.716±.021 0.816±.009
HBDS (mixed) 3 0.769±.029 0.866±.008 0.884±.010 0.69 ±.021 0.802±.017

hierarchical HEG baseline, each after continuing training the local model on the datasets

selected by each method. The best and second-best performance is highlighted in bold.

HBDS achieves or approaches global accuracy for all five models under perfect grouping. The

Bayesian Bandit (BB) baseline is also close to the global accuracy, but its performance on

SYN and its average accuracy are lower than HBDS by 6.8% and 1.8% respectively. Despite

appearing nearly as effective as the hierarchical HBDS, BB requires more training steps. In

particular, as shown in Figure 4.2, hierarchical methods reach their stopping condition

roughly 25 steps earlier than their non-hierarchical counterparts, showcasing a more efficient

learning process. Epsilon Greedy (EG) and Hierarchical Epsilon Greedy (HEG) take fewer

steps, but their performance is sub-optimal. Specifically, EG fails to identify any of the
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Figure 4.2: # Steps required on Digit-Five across baselines
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Figure 4.3: # Steps required on DomainNet across baselines

relevant datasets for SVHN and SYN, resulting in 0% improvement over the local model.

Similarly, HEG fails on MNIST-M and SYN. The average performance of EG and HEG are
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lower than HBDS by 18.2% and 16.8% respectively.

Under mixed grouping, HBDS achieves or approaches global accuracy for all models except

for SYN, and reaches the stopping condition roughly 23 steps sooner than the BB method,

while the average accuracy is only 0.8% lower than BB. In comparison, the HEG under mixed

grouping fails to identify any relevant datasets for MNIST-M and achieves marginal perfor-

mance improvements for SVHN and SYN. In general, the mixed group setting deteriorates

the selection accuracy but only slightly, e.g., about 2% decrease in accuracy on average.

In Table 4.2 and Figure 4.3, we observe similar conclusions in experiments conducted on

the DomainNet dataset. The BB and HBDS both achieve or approach global accuracy for all

four models. The average accuracy for HBDS under perfect grouping is 0.7% higher than the

BB method and takes about 15 fewer steps. On the contrary, the EG and HEG methods fail

to improve model performance on SKETCH, and the EG and HEG average accuracy is lower

than the global average by 7.7% and 3.8%, respectively. Comparing under mixed grouping

setting, HBDS has 6.3% higher accuracy than the EG method on average. Additionally,

HBDS achieves 4.8% relative performance gains over the HEG. While the difference is not as

pronounced as with the Digit-Five dataset, this is likely due to the fact that the data used in

theDomainNet experiments use the same pre-trained ResNet 18 as a feature extractor after

training on the dataset. This uniformity makes the datasets more similar, thus complicating

the identification of a dataset.

4.3 Ablation Studies

To gain a comprehensive understanding of HBDS’s capabilities, we consider the following

questions for ablations on the Digit-Five dataset: (1) Limited exploration: How does HBDS

perform in comparison to baselines under low-resource exploration settings? (2) Subpar
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Figure 4.4: Performace comparison under limited exploration settings

local model performance: What insights can be gleaned from analyzing HBDS when the

initial local model accuracy is low? (3) Absence of relevant datasets: What happens

when no relevant datasets are available across all dataset groups? (4) Scalability: Is HBDS

similarly effective when there are more datasets present in each group?

4.3.1 Comparison Under Limited Exploration

In this low-resource scenario, each method is allowed to explore each dataset only once on

average, equating to 15 steps considering the total of 15 datasets in Digit-Five. Figure 4.4

depicts the local model accuracy improvements after training on datasets selected by each

method. While the performance of all methods on the MNIST closely aligns, possibly due

to the dataset’s simplicity, both HBDS and HBDS (mixed) outperform the baselines. For the

other four datasets, HBDS and HBDS (mixed) also consistently surpass the baselines. The

EG method fails to identify any useful datasets after just 15 training steps. Similarly, the

HEG method only succeeds in enhancing performance on USPS. Meanwhile, the selections

made by HBDS and HBDS (mixed) lead to accuracy improvements for all five data subsets,

underscoring its effectiveness in low-resource conditions. Quantitatively, HBDS outperforms
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Table 4.3: HBDS improves model performance even when the initial local model exhibits
extremely low starting accuracy

% Train Data Name Initial Local Acc. HBDS Acc.

10%

MNIST 0.176 0.315
SVHN 0.128 0.242
USPS 0.096 0.135

MNIST-M 0.206 0.551
SYN 0.266 0.376

20%

MNIST 0.236 0.896
SVHN 0.212 0.215
USPS 0.128 0.286

MNIST-M 0.288 0.576
SYN 0.214 0.249

50%

MNIST 0.366 0.896
SVHN 0.356 0.667
USPS 0.312 0.914

MNIST-M 0.442 0.793
SYN 0.274 0.410

its non-hierarchical counterpart, BB, by 6.9% on average.

4.3.2 Local Model with Low Initial Accuracy

We further investigate whether HBDS can effectively enhance performance when the initial

local model accuracy is extremely low. To assess this, we train the initial local classifiers

using only 10%, 20%, and 50% of the available training data. Results presented in Table 4.3

demonstrate consistent gains in accuracy across all tested conditions, even when the ini-

tial local accuracy is as low as 0.096%. These results indicate that HBDS is robust against

significant variations in initial local model performance (prior to dataset selection).
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Figure 4.5: When there exists no relevant dataset available across all groups, HBDS posterior
means remain low even after 600 exploration steps. This ensures HBDS can reliably discern
irrelevant data.

4.3.3 Absence of Relevant Datasets

In addition, we evaluate the performance of HBDS in scenarios where no relevant dataset

is available. The analysis in Figure 4.5 reveals that the posterior means remain low, not

exceeding 0.3, even after extensive exploration of the dataset pool. This suggests that HBDS

can effectively identify the lack of beneficial datasets, avoiding misguided training efforts.

4.3.4 Presents of more datasets

We also run experiments to test the scalability of HBDS within a larger data-sharing ecosys-

tem. We construct more datasets from each Digit-Five dataset group. The MNIST, SVHN,

USPS, MNISTM, and SYN groups have 10, 12, 11, 9, 9 datasets, respectively. We apply

HBDS to newly constructed datasets and observe that it is able to identify all useful datasets

and achieve higher accuracy on all five models (See Figure 4.6). The computation time and

resource usage remain the same for each time step. In addition, The scaling of the number

of steps required is sublinear, e.g., SVHN group contains 4 times as many datasets but only

takes 2.6 times more steps.
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Figure 4.6: Scalability comparison when more datasets across five data groups are present.
HBDS achieves higher accuracy across all models with the presence of additional datasets.

4.4 Qualitative Analysis

We qualitatively analyze the learned posterior distributions of each method. Figure 4.7

presents the posterior means for BB, HBDS, and HBDS (mixed). The heatmap analysis reveals

that HBDS and HBDS (mixed) effectively capture the relationship between the local model

and the relevant datasets, using fewer computational steps than baselines. In contrast, the

BB method demonstrates less precision in identifying the most relevant datasets for USPS

and SYN. We further analyze the posterior distributions of the datasets and dataset groups

for HBDS after training on all relevant data subsets available. Figure 4.8 reveals a clearer

distinction between beneficial datasets (Fig. 4.8a) and relevant dataset groups (Fig. 4.8b).
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Figure 4.7: The posterior means of BB, HBDS and HBDS (mixed).
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Figure 4.8: Dataset and dataset group posterior means as determined by HBDS after training
on all relevant available data. (a) Datasets within the same group exhibit consistently high
posterior means, indicating their relevance to the local data. (b) Likewise, the highest values
are assigned to groups containing the most relevant datasets.



Chapter 5

Conclusions

This work introduces HBDS, the first dataset selection method designed to identify rele-

vant datasets for model training by jointly assessing the potential contributions of dataset

groups and individual datasets. Experimental results validate the robustness of HBDS, par-

ticularly under non-ideal dataset groupings typical in real-world scenarios. Experiments

on two benchmark datasets demonstrate that HBDS not only selects datasets that improve

model performance under different resource settings but does so more efficiently than non-

hierarchical approaches. In low-resource environments, HBDS significantly outperformed the

baselines by effectively using limited dataset explorations to identify datasets that improve

local model performance. Qualitative analysis shows that posterior means accurately reflect

relevant dataset groups and datasets.

In the future, we aim to further validate our method with manufacturing datasets to demon-

strate its practical capabilities, as well as datasets from various domains, e.g., time series,

text, and graph datasets. Additionally, we plan to refine our approach for obtaining repre-

sentative data points to better estimate posterior distributions. While we exclusively used

the Gaussian distribution to estimate potential distributions, other distributions such as the

Bernoulli distribution could be equally effective. Further experiments are needed to verify

this adaptability. Currently, we have employed the same model structure throughout our

experiments; however, this is not a requirement. The local model can take any form, as

the selection mechanism is independent of the model structure. For instance, in the classi-

33
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fication tasks of Digit-Five, we could employ KNN or SVMs instead of a single CNN layer

model. Moreover, we intend to enhance our model by integrating state-of-the-art data selec-

tion techniques after datasets are selected to address the variability in data quality within

identified datasets. Future research will also explore scenarios where adversarial users up-

load fake datasets to undermine the method. For example, if there is data leakage from the

local dataset, an adversarial user may construct a fake dataset based on the local dataset.

Another crucial aspect of the data-sharing ecosystem is privacy. If standard procedures are

used to obtain proxy data, such as the feature extraction from digit images we employed,

and the local model is trained on this proxy data, the proposed method should be able to

identify proxy datasets that enhance its performance. However, the real challenge emerges

when the local model is trained on raw data while all the shared data are proxy data, or when

proxy data is produced differently by various data owners. One way to ensure improved local

model performance while protecting data privacy is to automate the entire process, thereby

preventing any access to raw data.
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