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Abstract—Machine learning models typically assume that
training and testing datasets are drawn from the same distribu-
tion, a premise that often fails in real-world applications, thereby
restricting model performance. To address this challenge, we
introduce OT3L, an efficient targeted transfer learning approach
that leverages the optimal transport distance (OTD) metric to
improve knowledge transfer between source and target domains.
Unlike conventional transfer learning methods that rely on
random or heuristic-based fine-tuning of pre-trained models,
our approach utilizes label-to-label OTD metrics to strategically
select the most relevant samples from the target domain for
model retraining. We implement a set difference, random, and
mixed selection strategy that effectively balances diversity and
similarity among target samples, enhancing the transfer of
knowledge. The proposed OT3L approach is validated using
the ImageNet source dataset across seven image classification
benchmarks: COCO, CIFAR-10, CIFAR-100, FashionMNIST etc.
Experimental results demonstrate that the targeted selection set,
which includes both the highest and lowest OT distance samples,
covers a broader range of class labels and achieves significant
performance improvements, with gains ranging from 5.54% to
8.38% across various datasets.

Index Terms—Transfer Learning, Optimal Transport Distance,
Targeted Transfer Learning, Domain Adaptation, Fine-tuning.

I. INTRODUCTION

In recent years, transfer learning has emerged as a pow-
erful technique for addressing the challenges associated with
training machine learning models, mostly in scenarios where
labeled data is scarce or domain-specific [1]. The fundamental
idea behind transfer learning is to influence knowledge gained
from one domain (the source domain) to improve learning per-
formance in a different yet related domain (the target domain).
This approach is highly effective in various applications,
including image recognition, natural language processing,
medical diagnostics [2], [3], [4]. Despite its success, traditional
transfer learning methods often meet difficulties when the
source and target domains are significantly dissimilar [5]. In
such cases, the feature distributions between the domains can
vary considerably, leading to suboptimal performance when
the model is applied directly [6].

The selection and adaptation of a pre-trained model for
target domain adaptation is a critical step, as improper ad-
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justments can result in issues such as bias and overfitting,
further diminishing model performance [7]. To address these
challenges, it is essential to carefully choose the source dataset
and refine the pre-trained model to minimize the differences
between the source and target domains. Several effective
transfer learning strategies have been proposed to bridge these
gaps, including domain adaptation [8], data augmentation [9],
data selection [10], and addressing data shift [8].

Target-side adaptation, also known as target-oriented trans-
fer learning, involves modifying source domain data to better
align with the target domain [11]. Unlike source-side adap-
tation, where target data is adjusted to match the source,
target-side adaptation leverages information from the target
domain to enhance model performance on the target task. This
approach is particularly effective when a pre-trained model
underperforms on the target task due to significant domain
gaps or insufficient target-specific data. However, it is crucial
that the additional target domain data accurately reflects the
target distribution, as non-representative data can degrade
model performance [12]. Recently, a few research studies,
such as those by Romero et al. [13] and Ahamed et al. [6],
have demonstrated the effectiveness of target-side adaptation
in improving performance across medical and satellite image
datasets. In our earlier research works, we introduced auto-
mated targeted transfer learning (ATTL), a strategy designed to
transfer knowledge between source and target domains while
addressing the challenges of negative transfer [6], [14], [15].
ATTL resolves the transferability between source and target
with minimal data requirements.

In this paper, we aim to investigate two fundamental
research inquiries on targeted transfer learning (TTL)
based efficient domain adaptation strategies. Firstly, “How
can the optimal transport distance metric be integrated with
TTL to improve knowledge transfer between dissimilar source
and target domains?”. Secondly, “How do sample selection
strategies and fine-tuning affect domain adaptation and per-
formance on across various datasets?”

In this study, we leverage the optimal transport distance
(OTD) metric to address distributional shifts between domains,
enhancing knowledge transfer in a targeted transfer learning
framework. By computing OTD between the source and target
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Fig. 1: Framework of the proposed optimal transport distance-based targeted transfer learning approach.

datasets, we identify a set difference set comprising samples
with the highest OTD values. This set is then used to fine-tune
the pre-trained model, bypassing the need for conventional
retraining and yielding significant accuracy improvements.
To further assess performance, we also generate a random
selection set with the lowest OTD samples and develop a
mixed selection strategy that balances both sets, covering a
broader range of class labels. This mixed approach consistently
outperforms individual selection methods. We rigorously eval-
uate the proposed approach on eight large-scale benchmark
datasets, demonstrating its effectiveness.

In summary, the main contributions of this paper are as
follows:

o Introduction of OTD Metric in TTL: We introduce
OT3L, a targeted transfer learning method that employs
label-to-label optimal transport distance (OTD) to en-
hance knowledge transfer across different domains.

o New Sample Selection Strategy: We develop a mixed
strategy that effectively balances diversity and similarity
among target samples, optimizing model retraining.

o Extended Fine-Tuning: We implement advanced fine-
tuning for the target model, resulting in significant per-
formance gains across various datasets.

o Evaluation on Benchmark Datasets: We rigorously
evaluate the performance of OT3L using eight large-scale
benchmark datasets to confirm its effectiveness.

The remainder of the paper is organized as follows: Sec-
tion II describes the proposed OT3L approach. Section III
outlines the research methodology. In Section IV, we present
experimental results, including analysis and discussion, val-
idating the approach across multiple datasets. Finally, Sec-
tion V provides conclusions and discusses future research
directions.

II. PROPOSED APPROACH

In this section, we introduce the proposed Optimal Transport
Distance-based Targeted Transfer Learning (OT3L) approach.

Figure 1 illustrates the framework, outlining the key steps of
the approach.

Zero-shot learning: We train a machine learning model
using the ImageNet dataset [16], which serves as the pre-
trained model. This pre-trained model is then used as the
source model in a transfer learning scenario. We considered
multiple target datasets such as COCO [17], CIFAR-10 [18],
CIFAR-100 [18], and others. According to the transfer learning
approach, we utilized the pre-trained model to perform certain
image classification target task. Initially, we apply zero-shot
learning, i.e., deploy the source model directly to the target
domain without any training in the target environment. Since
the source model has never interacted with the target dataset,
its perform poorly in the target domain. To avoid re-training
in the target domain, transfer learning is the most obvious
solution.

OTD-based targeted TL: Next, we propose a OTD-based
targeted transfer learning approach to enhance model per-
formance. First, we compute the optimal transport distance
between datasets. For instance, consider CIFAR-10 as the
target dataset. We measure the optimal transport distance
between ImageNet and CIFAR-10. Using the OT distance
metric, we create set difference sets, which consist of samples
with the highest OT distance between the two datasets. In
this experiment, we selected a minimal number of samples
(1000) as the set difference set. The pre-trained model is
then fine-tuned using this set difference set. Notably, we only
fine-tuned the output and the last dense layer to limit the
number of parameters involved in fine-tuning, thereby avoiding
conventional re-training. This approach resulted in a significant
improvement in accuracy.

Set difference, random and mixed-sample selection: To
evaluate the effectiveness, we created a random selection
set using the samples with the lowest OT distance between
datasets, ensuring the number of samples is the same in both
sets. Although the pre-trained model is re-trained in the target
domain as in previous experiments, the accuracy does not
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improve as much as with the set difference set. In both the set
difference and random selection sets, the pre-trained model
is re-trained in the target environment with limited domain
coverage, but the set difference set consistently outperforms
the random selection set across all datasets. We also developed
a mixed selection strategy using both selection sets to create
a balanced selection process. Since the mixed selection sets
cover more class labels (both highest and lowest OT distance
samples), they outperform both individual selection sets.

To summarize, we propose a OTD-based targeted transfer
learning (TTL) approach that enhances knowledge transfer
between datasets. Our methodology involves strategically se-
lecting target samples using OT distance strategy in order
to maximize the model performance across diverse domains.
Figure 1 depicts the proposed OT3L approach. The selected
samples are then used for model training for efficient domain
adaptation between datasets. The model is then undergoes fine-
tuning, where the pre-trained model is re-training in target
domain. The final step involves evaluation of the model’s
performance across different approaches to assess the effec-
tiveness of the proposed approach.

III. METHODOLOGY
A. Datasets

We employed a diverse set of eight image datasets to calcu-
late the effectiveness of the proposed OT3L approach, includ-
ing ImageNet [16], COCO [17], CIFAR-10 [18], CIFAR-100
[18], FashionMNIST [19], EMNIST [20], MNIST [21], and
KMNIST [22]. The table provides detailed information about
those datasets. The datasets are chosen based on three different
criteria: sample size, dimensionality, and labels. For example,
EMNIST and MNIST have digit images, while CIFAR-10
and CIFAR-100 have a variety of object labels. Similarly, the
sample sizes and classes vary between datasets. As a result,
these datasets have very different feature distributions, making
them an excellent testbed for the proposed method.

TABLE I: Image Datasets

Dataset Dimension  #Samples  Class Label
COCO Variable 118k 80 Objects
CIFAR-10 32%32 60k 10 Various objects
CIFAR-100 32%32 60k 100 Various objects
FashionMNIST 28*28 70k 10 Fashion products
EMNIST 28%28 280K 10 Digits
MNIST 28%28 70k 10 Digits
KMNIST 28*28 70k 10 Japanese characters

B. Optimal Transport Distance (OTD)

The distance between two different distributions can be
measured by using the principle of optimal transport. The
fundamental idea behind optimal transport is to map every
point in the source distribution to a corresponding point in
the target distribution [23]. In order to achieve the most
efficient transportation, the total distance between all paired
points must be minimized. It is essential to define a distance

metric between the sampled points from each distribution
when applying OT to compare two probability distributions.
Consider comparing, for instance, two datasets where each
point is a combination of a feature vector and a label. Let’s say
that we have to find the distance between the pair (a, “kite”),
where ¢ is an ImageNet image of a “kite”, and the pair (d,
“five”), where a’ is an EMNIST image of a “5”. Although it
is relatively simple to calculate the distances between similar
samples using conventional methods, it is more complicated
to determine the distance metrics for their labels.

The OT distance is a powerful metric for quantifying the
dissimilarity between probability distributions, making it ideal
for measuring the difference between corresponding classes in
the source and target datasets. For two probability distributions
p(z) and ¢(y), the OT distance W (p, ¢) is defined as:

Wi(p,q) = inf
(.q) YET(p,q)

/ c(z,y) dy(z,y), 1)
XXY

where T'(p,q) is the set of all possible joint distributions
(couplings) between p(x) and ¢(y). ¢(z,y) represents the cost
function, typically the Euclidean distance.

We computed the OT distance between all class pairs across
the source and target datasets. Classes with the highest mean
OT distance were identified as the most dissimilar, while
those with the lowest mean OT distance were considered most
similar.

The fundamental goal of this distance metric is to be
relevant even when the user has multiple sets of labels that do
not correlate (for example, image to digit). In this situation,
each label is represented as a geometric feature, similar to a
vector, which gives a computational benefit [24].

C. Sample Selection for Targeted Transfer Learning

Based on the OT distance calculations, we employed two
strategies for selecting samples from the target dataset.

Set Difference Set (S + s(T')): A random selection of
samples from the target classes with the highest OT distance
from the corresponding source classes. This selection aims to
introduce the greatest diversity into the source dataset.

Random Selection Set (S + r(T)): A random selection of
samples from the target classes with the lowest OT distance
from the corresponding source classes. This selection aims to
enhance the existing similarities between the source and target
datasets.

To further enhance transfer learning, we implemented a
mixed selection strategy (S +m(T")), where m(T") is defined
as:

m(T)=a-s(T)+ (1 —«)- -r(T), 2)

where « is a mixing coefficient that determines the propor-
tion of samples selected from the set difference and random
selection sets. This approach allows for a flexible balance
between diversity and similarity in the augmented source
dataset.
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D. Model Training and Transfer Learning

We followed a multi-phase training procedure to evaluate
the impact of the selected samples on transfer learning.

Baseline Training (S): A baseline model was trained on the
original source dataset S. The model’s architecture consisted
of a convolutional neural network (CNN) with multiple layers,
including convolutional, pooling, and dense layers, followed
by a softmax output layer.

Zero-Shot Transfer (S — T): The baseline model was
applied directly to the target dataset T without any additional
training. The performance on the target dataset was recorded
as the zero-shot baseline.

Transfer Learning with Adaptation (S + s(T) — T) or
(S+4r(T) — T'): The model’s output layer and the penultimate
dense layer is fine-tuned using the selected samples from the
target dataset to adapt the model to the target domain.

Let fo(x) represent the CNN model with parameters 6. The
final output after softmax is:

§ = softmax(fs(z)) 3)
During fine-tuning, we minimize the cross-entropy loss:

N
Lop ==Y yilog(@), “4)
i=1
where y; is the true label and ¢j; is the predicted probability
for the i-th sample.

IV. EXPERIMENTAL EVALUATION

In this section, we conduct experiments to evaluate the
proposed OT3L performance across a diverse set of benchmark
image classification datasets. We consider ImageNet to be the
source dataset for training the pre-trained model. As the target
dataset we evaluate the performance of the proposed approach
on seven target datasets, including COCO, CIFAR-10, CIFAR-
100, FashionMNIST, EMNIST, MNIST, and KMNIST. The
details of these datasets are presented in Section III. The
findings are structured to highlight the impact of targeted
selection strategies such as set difference selection, random
selection, and mixed sample selection.

A. Results Analysis

1) Dataset Selection: Figure 2 depicts the OT distance
between seven target datasets. This distance metric assists us
in selecting appropriate source datasets for transfer learning.
The figure is colour-coded based on their distance. For ex-
ample, the CIFAR-10 dataset is very close to the CIFAR-
100 dataset (3.75), as expected, but far away from the Fash-
ionMNIST dataset (5.20). As a result, if we use CIFAR-
10 as the source dataset, CIFAR-100 will outperform the
FashionMNIST dataset. Another interesting finding is that
among MNSIT datasets, CIFAR-10 is closest to the EMNIST
dataset, followed by MNIST and KMNIST. As a result, OT
distance between datasets could provide important insights
into source selection in a transfer learning scenario.

Pairwise OT Distance (x10) between Datasets

coco 0.00

CIFAR-10 0.00 5
CIFAR-100 8 3.75 0.00

FashionMNIST b 3 .4 0.00 b 4.95
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1
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Dataset

EMNIST H . 4. h 0.00

MNIST
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KMNIST

Dataset

Fig. 2: OT distance between datasets.

2) Baseline Performance: The baseline performance of
a model is determined by training the model solely on a
source dataset (S), which is considered as pre-trained model,
and then applying it directly to target datasets in a zero-
shot transfer setting. In this experiment, we use ImageNet
as source domain for all target domain datasets. Table II
displays the zero-shot transfer learning performance across
various target datasets. Deploying pre-trained model directly
to the target dataset without re-training yields poor result.
Therefore, domain shift techniques are crucial for improving
transfer learning performance.

TABLE II: Zero-shot transfer learning

Baseline Zero-shot Transfer on ImageNet — T’
ImageNet | DS1 [ DS2 | DS3 [ DS4 [ DS5 | DS6 [ DS7
[ 8002 [ 1410 [ 2556 | 1832 [ 19.67 [ 17.89 | 24.12 [ 13.89 |

Notations- DS1: COCO; DS2: CIFAR-10; DS3: CIFAR-100; DS4: Fash-
ionMNIST; DS5: EMNIST; DS6: MNIST; DS7: KMNIST.

3) Targeted Sample Selection: We compute the targeted
selection set by measuring the OT distances between source
and target sets. Three primary targeted sets are considered to
evaluate the OT3L process. In set difference (SD) selection,
target samples are chosen based on their distinct distance from
the source samples. In random selection (RS), samples are
collected from the sets with lower OT distances. Furthermore,
in mixed selection (MS) strategy, both higher and lower OT
distance samples are combined to balance the target samples’
diversity and similarity. This strategy provides a more compre-
hensive transfer learning approach. To validate our methodol-
ogy, we apply an identical approach to all selections, including
sample size, pre-trained model, and training procedure.

Table III compares the results of the zero-shot, set dif-
ference, random selection, and mixed selection strategies.
According to the table, SD achieves an accuracy of 80.12%
on the CIFAR-10 dataset, while RS slightly underperforms
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TABLE III: Performance improvement with OTD-based tar-
geted TL

Dataset Zero-Shot SD RS MS
() (S+s(T) | (S+r(T) (S +m(T))

COCO 14.10 69.45 66.81 (-2.64%) | 72.6 (+3.15%)
CIFAR-10 25.56 80.12 76.92 (-3.2%) 84.92 (+4.8%)
CIFAR-100 18.32 74.45 71.68 (-2.77%) | 77.22 (+2.77%)
FashionMNIST 19.67 77.32 74.86 (-2.46%) | 82.9 (+5.58%)
EMNIST 17.89 72.56 69.72 (-2.84%) | 78.10 (+5.54%)
MNIST 24.12 82.56 80.11 (-2.45%) | 87.45 (+4.89%)
KMNIST 13.89 68.12 65.91 (-2.21%) | 74.02 (+5.9%)

at 76.92%. In comparison, MS outperforms both with an
accuracy of 84.92%. This indicates a significant improvement
of 4.80% over SD and 8% over RS. Similarly, for the CIFAR-
100 dataset, SD achieves an accuracy of 74.45%, while RS
falls behind at 71.68%. MS again outperforms SD by 2.77%
and RS by 5.54%, with an accuracy of 77.22%. Using OT-
based set difference selection results in significant accuracy
improvements. On the other hand, while the random selection
improves performance through introducing target samples into
the source, the improvements are less pronounced. The mixed
selection strategy consistently outperforms both set difference
and random selection sets.

4) Extended Fine-tuning: To enhance model adaptation to
the given environment, we fine-tuned the pre-trained model
using target dataset. This will allow the model to fully adapt to
the target environment. Table IV shows that further fine-tuning
results in significant accuracy improvements across datasets.

TABLE IV: Extended fine-tuning

Baseline Fine-tuning (7°)

DS1 ‘ DS2 ‘ DS3 ‘ DS4 ‘ DS5 ‘ DS6 ‘DS7

ImageNet

80.12 ‘ 76.40 ‘ 91.34 ‘ 79.26 ‘ 90.35 ‘ 90.27 ‘ 99.51 ‘ 96 ‘

Notations- DS1: COCO; DS2: CIFAR-10; DS3: CIFAR-100; DS4: Fash-
ionMNIST; DS5: EMNIST; DS6: MNIST; DS7: KMNIST.

B. Discussion

When compared to baseline and zero-shot transfer methods,
the proposed OT3L approach improves model performance
significantly across a wide range of image datasets. Due to lim-
ited domain coverage, zero-shot transfer performs poorly in all
datasets, as expected. However, the set difference results show
that intentionally selecting a number of samples from the target
can significantly improve the pre-trained model’s performance
in a specific environment. To validate this performance, we
examined three selection methodologies with the same feature
space. In this experiment, we found significant improvements
in accuracy when employing the mixed selection strategy over
the random selection strategy across multiple datasets. Com-
pared to the random selection, the mixed selection strategy
improved accuracy by 5.79% for COCO, 8% for CIFAR-
10, 5.54% for CIFAR-100, 8.04% for FashionMNIST, 8.38%
for EMNIST, 7.34% MNIST, and 8.11% for KMNIST. These
results demonstrate the effectiveness of the targeted selection
in enhancing model performance in target domain. Finally,
the extended fine-tuning produces significant performance
improvements.
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V. CONCLUSION AND FUTURE SCOPE

This paper introduces OT3L, an efficient targeted transfer
learning approach that leverages optimal transport distance
metrics to enhance knowledge transfer between source and
target domains. Unlike traditional transfer learning methods,
OT3L strategically selects target samples based on OTD,
utilizing a combination of set difference, random, and mixed
selection strategies. This allows for an effective balance be-
tween sample diversity and similarity, leading to significant
performance improvements across various image classification
benchmarks. The effectiveness of OT3L is validated across
eight large-scale benchmark image classification datasets. The
experimental results highlight OT3L’s ability to achieve supe-
rior model performance, demonstrating its potential as a robust
solution for domain adaptation challenges.

Future work could focus on automating the sample selection
process, potentially incorporating techniques like active learn-
ing to dynamically select the most informative samples during
training. Another avenue for research could involve exploring
alternative fine-tuning strategies that adjust deeper layers of
the model or even incorporating domain-specific knowledge
into the fine-tuning process. This research could extend these
findings to other domains and further refine the methodology
to enhance its effectiveness.
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