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Abstract

The success of modern machine learning hinges on access to
high-quality training data. In many real-world scenarios, such
as acquiring data from public repositories or sharing across
institutions, data is naturally organized into discrete datasets
that vary in relevance, quality, and utility. Selecting which
repositories or institutions to search for useful datasets, and
which datasets to incorporate into model training, are therefore
critical decisions, yet most existing methods select individ-
ual samples and treat all data as equally relevant, ignoring
differences between datasets and their sources. In this work,
we formalize the task of dataset selection: selecting entire
datasets from a large, heterogeneous pool to improve down-
stream performance under resource constraints. We propose
Dataset Selection via Hierarchies (DaSH), a dataset selection
method that models utility at both dataset and group levels
(e.g., collections, institutions), enabling efficient generaliza-
tion from limited observations. Across two public benchmarks
(DIGIT-FIVE and DOMAINNET), DaSH outperforms state-of-
the-art data selection baselines by up to 26.2% in accuracy,
while requiring significantly fewer exploration steps. Abla-
tions show DaSH is robust to low-resource settings and lack of
relevant datasets, making it suitable for scalable and adaptive
dataset selection in practical multi-source learning workflows.

Project Page — https://plan-lab.github.io/projects/dash

1 Introduction
Deep learning models have achieved impressive perfor-
mance across a wide range of supervised learning tasks,
largely due to their ability to leverage large, high-quality
datasets (Alzubaidi et al. 2023; Sun et al. 2017; Mohammed
et al. 2025). In many real-world scenarios, however, available
data is distributed across multiple heterogeneous sources,
such as publicly available dataset repositories or collaborat-
ing institutions, with varying degrees of relevance to a target
task. A key challenge in such settings is determining which
external datasets, if any, can meaningfully improve model
performance (Zhou et al. 2022; Zhang et al. 2022).
While practitioners often rely on intuition, domain exper-

tise, or coarse metadata to guide dataset selection, there is
little formal understanding of how to model such decisions
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Task: choose data that boosts the performance of the local model.
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Figure 1: Dataset selection aims to select entire datasets
from external sources to improve local model performance.
Instance-level methods, such as active learning and subset se-
lection, ignore dataset structure and often select irrelevant or
misleading samples. In contrast, DaSH leverages hierarchical
grouping to efficiently identify relevant datasets, avoiding
noisy sources and achieving higher downstream accuracy.

algorithmically. Most existing approaches to data selection,
e.g., active learning (Sener and Savarese 2018; Gal, Islam,
and Ghahramani 2017; Christen, Christen, and Rahm 2020;
Paul, Bappy, and Roy-Chowdhury 2017; Zeng, Chen, and Jin
2023), data valuation (Ghorbani and Zou 2019; Pandl et al.
2021; Tang et al. 2021; Schoch, Xu, and Ji 2022; Kwon and
Zou 2022), etc. , operate at the instance level, selecting indi-
vidual data samples and assuming that all datasets and data
sources in the selection pool are uniformly relevant to the task.
This assumption fails in multi-source settings, where data is
naturally organized into datasets and repositories that vary in
relevance, redundancy, and quality. In practice, datasets are
typically acquired, licensed, or shared in discrete units, and
often originate from common sources such as institutions,
simulation pipelines, or web-scale repositories, which induce
a hierarchical structure over the dataset pool.

To address this gap, in this work, we formalize the task of
dataset selection: given a pool of datasets with unknown rele-
vance to a target task, how can we efficiently identify a subset
of datasets that will improve model performance, without
having to exhaustively evaluate all candidates? This setting,
illustrated in Figure 1, reflects many real-world constraints,
where data is acquired, licensed, or shared in dataset-level
units and must be selected under resource, bandwidth, or
labeling constraints from multiple sources such as web-scale
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repositories or partnering institutions.
To solve this new task, we propose Dataset Selection via

Hierarchies (DaSH), a hierarchical Bayesian method that
models dataset utility at both the group and dataset levels.
Given a large pool of candidate datasets, grouped based on
dataset origin (e.g., institution or collection), DaSH performs
structured exploration to infer both group-level relevance and
individual dataset utility via posterior inference over observed
model performance. This hierarchical modeling allows DaSH
to prioritize informative groups and avoid wasted evalua-
tion on unrelated or harmful sources. Experiments on two
benchmarks demonstrate DaSH significantly outperforms
state-of-the-art baselines by up to 26.2% in accuracy under
low-resource settings. The contributions of this work are:
(1) We formalize the task of dataset selection from a het-

erogeneous pool of external datasets, a setting common
in real-world workflows such as public data acquisi-
tion and cross-institutional collaboration, where data is
organized into discrete, variably relevant sources.

(2) We propose DaSH, the first dataset selection method
that models dataset utility through hierarchical inference
over groups and datasets, enabling efficient and robust
selection under limited feedback.

(3) We benchmark DaSH against four state-of-the-art data
selection methods across two public datasets, demon-
strating consistent performance gains, improving accu-
racy by up to 26.2% DIGIT-FIVE and 10.8% on DO-
MAINNET. Ablation studies show DaSH remains robust
to grouping noise and scales effectively to large dataset
pools, whereas existing methods frequently select irrele-
vant or low-utility data samples.

2 Related Work
Data Selection. Improving model performance through
strategic data selection has been extensively explored across
various paradigms. In active learning, methods aim to min-
imize labeling costs by iteratively selecting the most infor-
mative unlabeled instances (Sener and Savarese 2018; Gal,
Islam, and Ghahramani 2017; Christen, Christen, and Rahm
2020; Paul, Bappy, and Roy-Chowdhury 2017; Zeng, Chen,
and Jin 2023; Wang et al. 2023; Coleman et al. 2020). Batch
active learning extends this by selecting diverse subsets in
each iteration to improve efficiency (Kirsch, Van Amers-
foort, and Gal 2019; Kaushal et al. 2018). Beyond active
learning, data valuation techniques assess the contribution
of individual points to model performance. Approaches like
Data Shapley (Ghorbani and Zou 2019) and its adaptations
(Pandl et al. 2021; Tang et al. 2021; Schoch, Xu, and Ji 2022;
Kwon and Zou 2022; Liu et al. 2023; Courtnage and Smirnov
2021; Wang and Jia 2023; Just et al. 2023; Yoon, Arik, and
Pfister 2020; Kwon and Zou 2023) quantify data utility, guid-
ing the selection of valuable training instances. Additionally,
subset selection methods (Killamsetty et al. 2021; Coleman
et al. 2020) focus on constructing representative subsets to
expedite learning without compromising accuracy.

However, existing methods largely operate at the instance
level and overlook the hierarchical structure often present in
real-world settings, where datasets are naturally grouped into
repositories, e.g., by source or collection. In contrast, DaSH

targets dataset selection, i.e., identify groups of datasets that
jointly maximize downstream performance. Empirical results
demonstrate that incorporating hierarchical information im-
proves selection efficiency and model robustness.
Hierarchical Bandits. Hierarchical bandit algorithms ad-
dress decision-making problems where actions are structured
in a hierarchy, enabling efficient exploration and exploita-
tion across multiple levels (Hong et al. 2022; Munos et al.
2014). In recommendation systems, hierarchical bandits have
been employed to model user preferences (Yue, Hong, and
Guestrin 2012) and item categories (Wang et al. 2018; Zuo
et al. 2022), enabling personalized content delivery under
resource constraints through adaptive frameworks (Yang et al.
2020; Santana et al. 2020). Beyond recommendation, hierar-
chical bandits have been applied to intelligent tutoring, de-
centralized reinforcement learning, and multi-task off-policy
learning (Castleman, Macar, and Salleb-Aouissi 2024; Hong
et al. 2023; Kao, Wei, and Subramanian 2022). These applica-
tions highlight the flexibility of hierarchical formulations in
structuring complex decision processes across domains. Con-
currently, theoretical advancements have focused on regret
minimization and generalization across tasks using hierarchi-
cal Bayesian models (Kveton et al. 2021; Hong et al. 2022;
Guan and Xiong 2024), offering principled frameworks for
exploration under structured priors. Inspired by works in
this space, our method tackles the unique setting of dataset
selection by introducing a hierarchical Bayesian formula-
tion that propagates dataset utility estimates across groups,
enabling efficient amortization of training feedback via struc-
tured priors, and improving robustness to irrelevant or re-
dundant datasets. To our knowledge, this is the first work to
employ hierarchical bandits for dataset selection, with em-
pirical evidence showing large gains in both accuracy and
efficiency over non-hierarchical alternatives.

3 Method
Problem Definition. Consider n data groups g =
{g1, g2, . . . , gn} = {gi}ni=1, where each group gi contains
one or more datasets. Let the set of datasets in group gi be de-
noted di={di,j}mi

j=1, where di,j is the j-th dataset in group i.
Each dataset may contain an arbitrary number of data points.
The full dataset pool is thus D=

Sn
i=1 di={di,j}. Given a

local modelMk, the goal is to select a subset D̃k ✓ D from
external sources that maximizes the performance gain over
training on the local data dk alone. Formally, we define:

�Acck= max
D̃k✓D

⇣
Acc(Mk, D̃k)� Acc(Mk, dk)

⌘
, (1)

where Acc(Mk, dk) is the performance of local model Mk

trained on local data dk, Acc(Mk, D̃k) is the performance
ofMk after training on selected datasets D̃k, and �Acck is
the performance gain for modelMk.

DaSH Initialization
To address this selection objective, we introduce DaSH, a
bi-level hierarchical Bayesian model that captures structured
uncertainty across data groups and individual datasets. As de-
picted in Figure 2, each data group gi is modeled with a latent
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Figure 2: Overview of the DaSH dataset selection method. Each dataset and its corresponding group are modeled using Gaussian
distributions N (✓i, �̂2

i ) and N (µi,�
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 (µ0

,�
02) and N (✓0, �̂02) respectively. After training, dataset groups and datasets

with higher posterior means are selected as described in Section 3.

parameter ✓i encoding its expected utility, and each dataset
di,j is governed by a local parameter ✓i,j , with corresponding
reward observations ri,j(t) at timestep t. We assume normal
distributions for both the priors and the reward models, with
unknown means and fixed variances. Conditional on ✓i,j , the
reward ri,j(t) is independent of the group-level parameter ✓i.
The generative process is:

✓i ⇠ N (µi,�
2
i ), 8i 2 [n]

✓i,j |✓i ⇠ N (✓i, �̂
2
i ), 8j 2 [m]

ri,j(t)|✓i,j ⇠ N (✓i,j ,�
2
r), 8D(t)=di,j ,

(2)

where µi is the mean of the prior distribution for data group
gi, �2

i is the variance of the group prior, �̂2
i is the variance

of the dataset prior ✓i,j , and �
2
r is the variance of the re-

ward observation model. The goal is to iteratively update the
posterior distribution of ✓i and ✓i,j by incorporating all ob-
served reward values accumulated up to the current time step
t. Through this continual update process, DaSH converges
towards accurate estimations of the true distributions for both
✓i and ✓i,j after a number of iterations, as described in Algo-
rithm 1 in the Appendix. Initialization begins with all dataset
groups g sharing a common prior N (µ0,�

2
0) and N (✓0, �̂2

0).
At each time step t, ✓̂i is drawn from the normal distribu-
tions associated with each dataset group ✓̂i ⇠ P (✓i|ri) and
the dataset group gi with the largest value is chosen. Given
dataset group selection gi, DaSH then draws ✓̂i,j from the
distributions associated with the datasets within the chosen
dataset group, i.e., ✓̂i,j ⇠ P (✓i,j |ri,j), and selects the dataset
with the largest values, denoted as D(t)=di,j .

DaSH Posterior Computation
DaSH receives a reward from the chosen dataset and updates
the distribution associated with the chosen dataset group and
dataset using Eqs. (4) and (7). The posterior distribution of
✓i after observing reward values ri = {ri,j}, j 2 [m], where
ri,j={ri,j(t), 8D(t)=di,j}, is given by:

Z

✓i,j

0

@
mY

j=1

N (ri,j ; ✓i,j ,�
2
r)

1

AN (✓i,j ; ✓i, �̂
2
i )d✓i,jN (✓i;µi,�

2
i ). (3)

From Eq.(3), this yields the closed-form posterior:

P (✓i|ri)=N
 
�
2
i

 
µi

�2
i

+
s̄i

�̂i
2 + �2

r
ni

!
,�

2
i

!
(4)

where

�
2
i =

 
1

�2
i

+
1

�̂i
2 + �2

r
ni

!�1

, s̄i=

Pm
j=1 ri,j

ni
. (5)

Here, ni is the total number of selections for group gi, and
s̄i is the aggregated mean reward across datasets in group i.
The posterior mean is a precision-weighted average of the
prior mean µi and the empirical group mean s̄i. The influence
of the prior decays with more observations as �2

i decreases.
Since the reward ri,j(t) is conditionally independent of the
data group parameter ✓i, the posterior density of ✓i,j , after
observing rewards ri,j(t) at time step t, is computed by:

P (✓i,j | ri,j) / P (✓i,j)
Y

t:D(t)=di,j

N (ri,j(t); ✓i,j ,�
2
r), (6)

resulting in the posterior:

P (✓i,j | ri,j)=N
✓
�
2
i,j

✓
✓i

�̂2
i

+
s̄i,j · ni,j

�2
r

◆
,�

2
i,j

◆
(7)

where

�
2
i,j=

✓
1

�̂2
i

+
ni,j

�2
r

◆�1

, s̄i,j=
ri,j

ni,j
(8)

Here, ni,j is the number of times dataset di,j has been se-
lected and s̄i,j empirical mean of ri,j .

Different from the dataset group posterior, the dataset pos-
terior only depends on the rewards received by the dataset.
Similar to the dataset group prior mean µi, ✓i is a bias term
that influences the decay of the dataset posterior mean. As
ni,j ! 1, the dataset posterior variance goes to zero, and
the dataset posterior mean approaches s̄i,j .

Dataset Selection Based on Posterior Distributions
We formalize dataset selection using posterior means in a
two-step process: first selecting a dataset group, then a dataset
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within that group. A dataset or group is selected if its pos-
terior mean µ exceeds a percentile-based threshold, i.e., if
µ > F

�1(x), where F
�1 is the inverse cumulative distri-

bution function (CDF) over 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 criterion, suitable for sce-
narios with high training costs or where poor data quality
significantly impacts model performance. Conversely, a lower
percentile may be used in exploratory settings or when addi-
tional data inclusion costs are minimal. Alternatively, based
on the use case, the selection of top-x datasets or dataset
groups may be more appropriate.

Algorithmic Complexity
At each selection step, DaSH performs two sequential op-
erations: (1) inter-group sampling by drawing ✓̂i⇠P (✓i | ri)
for all n groups, and (2) intra-group sampling by drawing
✓̂i,j ⇠P (✓i,j | ri,j) for the mi datasets in the chosen group.
This yields a per-step computational cost of O(n + mi).
Posterior updates for the chosen dataset and group require
constant time per step, as the closed-form updates in Eqs. (4)
and (7) avoid iterative optimization.
By contrast, a flat selection strategy must evaluate all

|D| =
Pn

i=1 mi datasets at each step, incurring O(|D|)
cost. When groups are large, the hierarchical formulation
amortizes exploration: feedback from a single dataset
selection updates both its dataset-level and group-level
posteriors, effectively sharing information across datasets
in the same group. This reduces the total number of dataset
evaluations required to achieve a fixed target accuracy, as
consistently demonstrated in our experiments.

4 Experiments
Datasets.We validate DaSH on two widely used benchmarks
in domain adaptation: DIGIT-FIVE and DOMAINNET (Peng
et al. 2019). Each dataset contains multiple domain-specific
subsets for a shared classification task. DIGIT-FIVE in-
cludes digit images from five domains (MNIST, MNIST-M,
USPS, SVHN, and SYN), while DOMAINNET comprises
object recognition images across different styles (CLIPART,
QUICKDRAW, REAL, and SKETCH). Each domain is
divided into three disjoint subsets to simulate distributed or
federated settings. We use preprocessed versions of these
datasets from Schrod et al. (2023), where fixed-size feature
vectors are extracted from images for training and evaluation.

To evaluate the robustness of DaSH across varying dataset
compositions, we examine two grouping strategies. In the
perfect group setting, each group contains three subsets from
the same domain (e.g., mn0, mn1, mn2 from MNIST), mod-
eling cases where repositories or institutions curate domain-
specific datasets. In the mixed group setting, subsets from
different domains are combined into groups (e.g., mn1, mn2,
mm0), modeling cases where datasets from multiple sources
or domains are aggregated for a shared task and group assign-
ments are noisy or imperfect. Preprocessing steps, group def-
initions, and dataset statistics are provided in the Appendix.

(a) DIGIT-FIVE

(b) DOMAINNET

Figure 3: Accuracy heatmaps of local classifiers after training
on different DIGIT-FIVE and DOMAINNET subsets. The first
column shows local test accuracy for each subset. The last
column indicates the optimal accuracy achievable when train-
ing on all available relevant same-domain datasets. Middle
columns depict accuracy after augmenting training data with
additional subsets from same and different domains.

Implementation Details. For DIGIT-FIVE, each local
model is a lightweight CNN trained on its respective domain-
specific subsets (e.g., MNIST, SVHN), while for DOMAIN-
NET, local models are three-layer multilayer perceptrons
(MLPs). Local accuracy refers to model performance on its
own domain without any additional training. Additional im-
plementation details are provided in the Appendix.
Figure 3 summarizes the empirical results obtained by

training local models on different external datasets. These
ground-truth results serve as a reference for evaluating the
potential benefit of dataset selection. In DIGIT-FIVE, mod-
els trained on external datasets consistently underperform
compared to their local baselines, indicating strong domain-
specific bias. In contrast, DOMAINNET exhibits more favor-
able cross-domain transfer; for example, training the REAL
classifier on subsets from CLIPART yields noticeable per-
formance gains. This distinction underscores the practical
relevance of dataset selection in heterogeneous sharing sce-
narios.

Baselines. We compare against existing methods to assess:
(1) DaSH’s effectiveness in dataset selection relative to state-
of-the-art data selection approaches, and (2) its ability to
capture dependencies among datasets.
Core-sets (Sener and Savarese 2018), which selects repre-
sentative samples via geometric coverage, such that models
learned only on the selected subset are as competitive.
FreeSel (Xie et al. 2023a), uses a pretrained vision trans-
former to perform one-pass, supervision-free data selection,
with a time efficiency close to random selection.
ActiveFT (Xie et al. 2023b), which optimizes selection to
match the data distribution while preserving diversity.
BiLAF (Lu et al. 2024), extends ActiveFT by introducing
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Method Hierarchical MNIST SVHN USPS MNIST-M SYN AVG
Local 7 52.7±6.5 50.9±3.4 52.2±3.2 49.4±2.4 50.9±5.1 51.2±4.1
Global 7 89.3±1.1 69.7±1.4 92.2±0.7 80.2±1.1 62.8±2.8 78.8±1.4

Core-sets (Sener and Savarese 2018) 7 75.7±2.3 #13.8 52.8±2.7 #16.4 74.0±3.6 #17.2 60.8±2.1 #18.1 40.8±1.9 #22.1 60.8±2.5 #17.5
FreeSel (Xie et al. 2023a) 7 87.6±1.2 #1.9 39.3±4.0 #29.9 29.3±3.1 #61.9 65.4±2.2 #13.5 40.7±2.9 #22.2 52.5±2.7 #25.8
ActiveFT (Xie et al. 2023b) 7 58.2±1.6#31.3 53.6±1.6#15.6 59.2±1.3#32.0 48.3±0.9#30.6 41.4±1.5#21.5 52.1±1.4#26.2
BiLAF (Lu et al. 2024) 7 62.6±0.5#26.9 56.8±0.4#12.4 67.3±0.5#23.9 50.1±0.5#28.8 52.6±1.0#10.3 57.9±0.6#20.4
DaSH 3 89.5±0.6 69.2±3.4 91.2±0.9 78.9±0.5 62.9±1.6 78.3±1.4

Table 1: Performance comparison on DIGIT-FIVE against baselines (averaged over 5 runs) Best performance is bold. Red
downward arrows (#) indicate absolute drops in accuracy relative to the best-performing method.

Method Hierarchical CLIPART QUICKDRAW REAL SKETCH AVG
Local 7 40.0±2.4 64.0±2.1 61.0±1.1 67.5±1.1 58.1±1.7
Global 7 78.5±0.6 86.7±0.5 88.4±0.6 72.3±0.8 81.6±1.1

Core-sets (Sener and Savarese 2018) 7 59.1±0.9 #18.2 74.1±0.3 #12.3 80.1±0.6 #8.3 67.6±0.4 #4.2 70.2±0.6 #10.8
FreeSel (Xie et al. 2023a) 7 70.1±2.1 #7.2 81.7±0.8 #4.6 85.6±0.7 #2.8 67.2±1.3 #4.6 77.7±1.2 #3.3
ActiveFT (Xie et al. 2023b) 7 67.6±1.8#9.7 78.0±1.0#8.3 83.8±1.1#4.6 67.8±1.1#4.0 74.3±1.3#6.7
BiLAF (Lu et al. 2024) 7 69.0±1.6#8.3 81.3±0.5#5.0 85.8±0.5#2.6 67.8±0.7#4.0 76.0±0.8#5.0
DaSH 3 77.3±0.8 86.3±1.1 88.4±0.8 71.8±0.9 81.0±0.9

Table 2: Performance comparison on DOMAINNET against baselines (averaged over 5 runs). Best performance is bold. Red
downward arrows (#) indicate absolute drops in accuracy relative to the best-performing method.

boundary uncertainty to enable one-shot label-free selection
through pseudo-class estimation and iterative refinement.
In addition, we include two baselines for reference: Local,
trained only on local data, and Global, trained on all datasets
from the same domain, representing lower and upper bounds.

Experimental Results
Table 1 reports mean and standard deviation over five inde-
pendent runs on DIGIT-FIVE subdomains, where we compare
DaSH to local and global baselines as well as the four state-
of-the-art data selection baselines. Across all five domains,
DaSH matches the global model, achieving an average accu-
racy of 78.3%, which is only 0.5% below the global upper
bound (78.8%) and significantly higher than the local lower
bound (51.2%). These results indicate that our method is
capable of effectively leveraging heterogeneous data sources.
Compared to competitive baselines, DaSH exhibits sub-

stantial gains. For instance, FreeSel underperforms by over
25.8% on average, and notably degrades performance on
SVHN, USPS, and SYN, suggesting that its model-free se-
lection policy does not work well under our problem setting
where the selection pool contains irrelevant data. Similarly,
ActiveFT and BiLAF fall behind by 26.2% and 20.4%, re-
spectively. Notably, these methods exhibit particularly low
accuracy on MNIST-M and SYN, which represent domains
with significant distributional divergence from the rest of the
datasets. This performance drop suggests that baselines strug-
gle to generalize when the target domain is poorly aligned
with the source distribution, highlighting their limitations
in handling high domain shift scenarios. In contrast, DaSH
consistently maintains top performance with low variance,
highlighting its robustness across target domains.
Table 2 shows results on DOMAINNET. While perfor-

mance margins are narrower than in DIGIT-FIVE, DaSH
still outperforms all baselines by 3.3–10.8%. This is likely

because all models use features extracted from a ResNet-18
backbone that was pretrained on the combined dataset. The
shared feature extractor reduces the distributional differences
between domains, making the task inherently easier for all
methods and diminishing relative gains. Nevertheless, DaSH
maintains its advantage, underscoring its effectiveness even
when inter-domain variation is minimized.

5 Ablation Studies
To better understand the contributions of individual compo-
nents in DaSH and the conditions under which it is most
effective, we conduct a series of ablation studies. These ex-
periments are designed to (1) isolate the effect of hierarchical
modeling, (2) assess robustness to imperfect group defini-
tions, (3) evaluate the role of Bayesian posterior updates, and
(4) examine sensitivity to the exploration–exploitation trade-
off. We also examine (5) the impact of selection granularity
and (6) quantify efficiency gains from each design choice.

Impact of Hierarchical Grouping
To understand the importance of hierarchical grouping, we
compare DaSH against two baseline variants: DaS (flat), a
non-hierarchical counterpart, and DaSH (mixed), which uses
imperfect group assignments. Figure 4 presents Pareto fron-
tiers of accuracy versus selection cost (exploration steps) for
each domain in DIGIT-FIVE and DOMAINNET, with marker
shapes indicating domains and colors indicating methods.
Compared to the non-hierarchical DaS (flat), DaSH consis-
tently delivers equal or higher accuracy at substantially lower
selection cost. On DIGIT-FIVE, this translates to savings of
20–60 steps per domain without sacrificing accuracy. When
compared to DaSH (mixed), the gap is small in most domains,
with the mixed variant often lying on or near the Pareto fron-
tier achieved by perfect grouping. This indicates that DaSH
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Figure 5: Performance under budget constraints. Under lim-
ited exploration (15 steps), DaSH and DaSH (mixed) out-
perform DaS (flat) on 4 out of 5 datasets. Local and Global
denote the lower and upper bounds, respectively.

is robust to imperfect group assignments, with only modest
performance drops in more challenging domains like SYN,
QUICKDRAW, and REAL. Overall, these results show that
hierarchical grouping not only improves efficiency and accu-
racy but also maintains strong performance under noisy or
partially incorrect group structures.

Comparison Under Limited Exploration
We evaluate the ability of each method to identify useful
datasets under stringent exploration budgets. Specifically,
each method explores each dataset only once, totaling
15 steps across the 15 datasets in DIGIT-FIVE. Figure 5
reports the resulting accuracy for each domain. Under this
extreme budget constraint, both DaSH and DaSH (mixed)
outperform the non-hierarchical DaS (flat) in 4 out of 5
domains. The gains over DaS (flat) are substantial: +8.8%
on MNIST, +1.8% on USPS, +9.8% on MNIST-M, and

%Train 10% 20% 50%
Name Init. DaSH Init. DaSH Init. DaSH
MNIST 17.6 31.5 23.6 89.6 36.6 89.6
SVHN 12.8 24.2 21.2 21.5 35.6 66.7
USPS 9.6 13.5 12.8 28.6 31.2 91.4
MNIST-M 20.6 55.1 28.8 57.6 44.2 79.3
SYN 26.6 37.6 21.4 24.9 27.4 41.0

Table 3: DaSH improves performance even with a weak initial
model with low accuracy. This table reports accuracy on
DIGIT-FIVE when initially trained on 10%, 20%, and 50% of
the local training data (Init.), and after using DaSH to select
additional datasets for training (DaSH).

+4.5% on SYN. Even with imperfect grouping, DaSH
(mixed) closely tracks the performance of perfect grouping,
with accuracy differences within 1–2% in most domains. The
Local and Global baselines show that hierarchical variants
close more than half the gap to the global optimum despite
operating under a 15-step budget. These results confirm that
hierarchical grouping enables efficient, high-quality dataset
selection even under severe exploration limits.

Effectiveness Under Weak Initialization
We additionally investigate whether DaSH can enhance per-
formance when initial local model accuracy is very low. We
train initial local classifiers using 10%, 20%, and 50% of the
available training data. Table 3 shows consistent accuracy
gains across all conditions, even when initial accuracy is as
low as 9.6% (USPS), demonstrating DaSH’s robustness to
significant variations in initial performance before selection.

Robustness under Cross-Domain Grouping
We evaluate DaSH in an extreme cross-domain grouping sce-
nario, where each group is constructed to contain exactly one
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Figure 6: Qualitative comparisons on DIGIT-FIVE (target: MNIST) and DOMAINNET (target: SKETCH). Each selected image
is labeled by its source domain (above), with green borders indicating a correct domain match to the target and red borders
indicating a mismatch. Unlike prior methods, which frequently select subsets from mismatched domains in the first exploration
step, DaSH consistently identifies subsets from the correct domain, even in challenging settings with visually similar categories.

Method # Steps Accuracy
DaS (flat) 163 90.9±2.0
DaSH 140 91.2±0.9
DaSH (cross-domain grouping) 154 92.2±0.7

Table 4: Robustness of DaSH under cross-domain grouping.
Performance on USPS with cross-domain groups, where
each group contains exactly one dataset from each do-
main, removing opportunities to select multiple same-domain
datasets. DaSH achieves the robust accuracy while requiring
fewer steps than the non-hierarchical variant DaS (flat).

dataset from each domain. This setup eliminates the possi-
bility of selecting multiple same-domain datasets within a
single group, stress-testing the ability of DaSH to perform
effective selection when group structure does not align with
domain semantics and offers no within-domain redundancy
to exploit. As shown in Table 4, DaSH delivers robust ac-
curacy and outperforms the non-hierarchical baseline, DaS
(flat), while also requiring fewer selection steps. Our abla-
tion results consistently show that, under different settings,
DaSH remains effective, maintaining strong performance
with minimal computational overhead.

6 Qualitative Analysis
Figure 6 illustrates clear qualitative differences in the selec-
tion behavior of each method. Green borders indicate that
the selected data instance belongs to the target domain, while
red borders indicate domain mismatches. Across both bench-
marks, baseline methods such as Core-Sets, FreeSel, Ac-
tiveFT, and BiLAF often select subsets from visually similar
but incorrect domains. For example, when MNIST is used

as the local dataset, most baselines retrieve images that are
visually distinct from the target domain. Only FreeSel selects
a sample from MNIST, which is consistent with its rela-
tively better quantitative performance (Table 1). The rest of
the baselines fail to retrieve meaningful samples. In contrast,
DaSH effectively selects relevant data. This behavior extends
to DOMAINNET, where DaSH maintains domain-consistent
selection across diverse categories. These results suggest that
DaSH internalizes domain structure more effectively than
prior methods, allowing it to identify relevant datasets even
under distribution shift and candidate noise, an essential capa-
bility for transferability in collaborative data-sharing settings.

7 Conclusion

This work addresses a key bottleneck in machine learning:
selecting training datasets from diverse sources such as in-
stitutions, repositories, or collections. We introduce DaSH,
a dataset selection framework that models the hierarchical
relationship among datasets and data sources to improve se-
lection efficiency and downstream performance. Experimen-
tal results demonstrate that DaSH consistently outperforms
non-hierarchical and existing instance-level data selection
baselines, and remains robust under realistic constraints such
as imperfect grouping and limited exploration budgets. These
findings underscore the importance of effectively automat-
ing practical data curation as machine learning models in-
creasingly depend on large-scale heterogeneous data sources
from various online repositories. Future directions include
incorporating multi-objective selection criteria such as utility,
fairness, and domain coverage, and applying DaSH to large-
scale, multi-institutional data sharing platforms, where group
membership and dataset availability evolve over time.
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