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Abstract 
This paper studies distributional alignment in high-dimensional spaces through the use of Optimal Transport-based 
learning approaches, as discussed in [6]. In contrast to standard divergence measures, like Fullback–Libeler 
divergence or Jensen–Shannon divergence, Optimal Transport yields a distance metric that takes into consideration 
the underlying geometry of data and is particularly well suited for complex structured datasets. In this paper, we give 
a thorough overview of the theoretical background underlying Optimal Transport, covering Monger versus 
Kantorovich formulation, Wasserstein distances and entropy-regularized transport theory.In addition, this paper 
explores the combination between optimal transport and modern machine learning approaches like deep neural 
networks, domain adaptation models, generative models. It focuses extensively on issues of scalability in high-
dimensional settings where computational complexity and the curse of dimensionality are major obstacles. The study 
investigates approaches like Stinkhorn iterations, stochastic optimization and dimensionality reduction averaging to 
improve efficiency of applicability. It also demonstrates various optimal transport-based distribution alignment 
applications from cross-domain image classification to healthcare data harmonization and multimodal learning 
systems, among others. OT-based methods consistently outperform conventional alignment methods in terms of 
preserving structural information and improving model robustness on comparative evaluations [10,11].Using Optimal 
Transport provides a principled, theoretically justified and practically efficient way to reach solutions for distribution 
alignment problems within high dimensional machine learning problems. Existing constraints are described and a 
roadmap for future research to increase scalability, interpretability and integration with new AI foundry technologies 
is proposed. 
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Distribution Alignment In High- Dimensional Learning 
A. Background and Motivation 

Due to the increasing pace of development in machine learning and artificial intelligence, high-dimensional 
data are being used extensively in a variety of applications in recent years, including healthcare analytics, 
autonomous system, natural language processing and computer vision. So in machine learning, it is said that high-
dimensional data is to refer to datasets with a large number of features or attributes, which sometimes makes 
traditional analytical and modeling approaches less effective due to higher complexity. Machine learning models 
trained in such environments are expected to learn meaningful patterns and generalise appropriately in broad sets 
of conditions. One of the biggest challenges that arise in this approach is distribution mismatch, where you have 
data for training that does not resemble at all the data used in testing, or more generally our real deployment 
scenario. 

This mismatch can come from a number of places including domain shifts, changes in data acquisition 
processes, environmental changes or user behavior that may change over time. As an example, a model that is 
trained on images taken in a lab will fail to generalize to real-life images containing illumination variations. 
Analogously, in the healthcare space, patient data collected from one region might be poorly generalizable to 
another due to differences in demographics. These inconsistencies point to the necessity of another strong 
technique capable of aligning distributions that can enforce reliability and accuracy with machine learning 
transitioning between domains. 
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Typical approaches to distinguish probability distributions rely on statistical distance measures (e.g. 
Fullback–Libeler divergence and Jensen–Shannon divergence), that do not describe the true geometric nature of 
the given data. While they only take point wise comparisons as inputs, these methods fail by definition in high-
dimensional spaces when two distributions do not overlap at all (which is what mostly happens). This has 
consequently brought an increasing interest for alternative approaches that capture the underlying statistical and 
geometric structure of data, resulting in Optimal Transport-based learning frameworks. 

B. Limitations of QD aligned distribution 
When dealing with high-dimensional data, aligning distributions will be rendered much more challenging by 

several distinct properties. The most pressing problem is what is called "the curse of dimensionality," meaning that 
without a large amount of data, statistical representation quickly loses its significance as dimensions increase 
exponentially. Under these circumstances, the data points become sparse, and the notion of distance (between 
them) becomes less informative, rendering accurate comparative distribution alignment a challenge. 

One of the biggest difficulties is… computational complexity. Many high-dimensional datasets also need to be 
processed on a large-scale, which is difficult when alignment of the distribution using these traditional methods 
have a significant computational cost. However, as the dimension increases pairwise distances between data points 
becomes expensive to compute, which causes issues with scalability. The issues arise in real-time applications, like 
autonomous driving or online recommendation systems, where we need fast and efficient processing. 

Furthermore, high-dimensional data tends to be noisy, redundant and irrelevant features which can further 
deteriorate the performance of those distribution alignment approaches. Very simple distance based methods can 
fail in capturing hidden correlations and dependencies between features as well, which further complicate the 
alignment process. Upon these heterogeneous, there are again another higher complexity alignment problem 
considering the multimodal inputs from text, image and sensors etc. 

In response to these issues, work has been done on new mathematical frameworks capable of handling high-
dimensional structures and yet remain computationally efficient. Conveniently, Optimal Transport has recently 
drawn considerable interest amongst these methods owing to its ability to provide a well-defined concept for the 
distance between probability distributions, without needing special conditions whether they are complex or high-
dimensional. 

C. Why Optimal Transport & its use in Machine Learning? 
Optimal Transport (OT) is a mathematical framework that gives a principled approach to comparing two 

probability distributions as well as transforming them by solving for the optimal transport plan (i.e. mapping one 
distribution to the other while minimizing cost of moving mass). OT was first formulated for resource allocation 
problems, but quickly became capable of addressing many modern machine learning problems, especially when 
one needs to align or compare distributions. Unlike traditional divergence metrics, OT is geometric and exploits the 
structure of the original space to better capture high-level differences between distributions. 

The most important concept in Optimal Transport is the Wasserstein distance, which describes how 
expensive it will be to transform a distribution into a target distribution. This distance measure possesses some 
desirable properties, such as robustness to non-overlapping supports and being sensitive to the geometry of the 
data. Consequently, it has been extensively used in a wide range of machine learning applications spanning areas 
including domain adaptation, generative modeling and clustering. OT is a powerful tool for transporting points 
from one domain to another, while focussing on maintaining the structure of relationships, when dealing with 
distribution alignment. This is especially helpful in the case of transfer learning where you apply what was learnt in 
one domain area to another domain. OT-based methods facilitate model generalization and mitigate performance 
degradation due to domain shifts by aligning the distributions of source and target data. 

Moreover, the research has been further extended to enhance scalability of OT for high-dimensional 
application. For instance, various techniques like entropy regularization and Stinkhorn iterations are proposed to 
decouple the computational intensive parts but without a loss of alignment accuracy. Such ways help OT to be a 
part of existing deep learning models where even now it can realise end-to-end training and optimization in large-
scale systems. Simply put, Optimal Transport offers a powerful and adaptable paradigm to deal with the 
distribution matching problem in high-dimensional machine learning settings. Because of its representation ability 
to represent geometric information, complex data structures and can easily incorporate different learning 
paradigms, it is increasingly used in modern AI systems. In light of ongoing research in this field, OT is likely to 
have a growing role in delivering scalable, reliable, and generalizable machine learning frameworks [110]. 
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Figure1: Optimal Transport Plan (Coupling Matrix) 

Elementary Concepts Of Optimal Transport Theory 
Optimal Transport (OT) is a mathematical framework for comparing and transforming probability 

distributions by minimizing the cost of moving mass from one to another. Optimal Transport is an ancient problem 
dating back to 18th century France, when Gaspard Monger developed the question of the most efficient way to 
move dirt from one location to another. This problem (also referred to as Monger problem) is an optimization 
where we desire a one-to-one deterministic function which transforms one distribution into another, while 
minimizing over some cost function (usually geometric / transport). Even though intuitive, Monger formulation is 
extremely rigid because does not allow anything else than a one to one mapping between distributions, something 
which may not always exist (in highly complex or high dimension scenarios). 

To eliminate these constraints, the problem was subsequently reformulated by Leonid Kantorovich, 
resulting in what is called as the Kantorovich formulation of Optimal Transport. In contrast to the Monger 
approach, Kantorovich introduced the idea of a transport plan (or mapping), meaning that mass can be divided and 
placed in several places. This relaxing of the problem converts it into a linear optimization setting, enabling a more 
generalised and computationally efficient framework. The Kantorovich formulation underpins modern Optimal 
Transport theory and is the most popular for machine learning and data science applications. 

Optimal Transport fundamentally consists of the notion of defining a cost function, which quantifies how 
much effort it takes to transport mass from each point in one distribution to points of another. This cost is usually 
defined on a distance measure, for example, (like Euclidean) distance metric but it can also be any other metric 
depending on the task domain (together used). The goal is to locate a transportation plan which has the minimum 
cost for transporting mass, while retaining the structure of probability for both distributions. This leads to a 
measure of difference between distributions, with both the scale and geometry of change measured. 

Optimal Transport theory gives us one of the biggest goodies — the Wasserstein distance (or Earth Mover’s 
Distance). This measure gives an alternative to classical divergence measures by quantifying the minimum amount 
of work necessary to transform one distribution into another. In contrast with methods like Fullback–Libeler 
divergence that require the two distributions to share support, Wasserstein distance is well-defined even for non-
overlapping (or little-overlapping) distributions. Its particularly beneficial in high dimensional settings, where the 
distributions of data are often sparse and disjoint. 

Wasserstein distance also enjoys good theoretical properties that are favorable from the perspective of 
machine learning. The true metric as it satisfies non-negativity, symmetry and triangle inequality properties. This 
also mirrors the underlying geometry of data space, enabling it to model significant structural distinctions between 
distributions. The advantage of this geometric sensitivity is that it is more accurate in aligning and comparing data, 
particularly for complicated or structured datasets. 

Although powerful, the direct calculation of Wasserstein distance is burdensome in terms of computation 
cost, especially for large-scope or high-dimensional data. The difficulty comes from the fact you are trying to solve a 
linear optimization problem for this with regard to every distance between points in both distributions. In order to 
overcome this challenge, several approximation techniques have been proposed by researchers, which make it 
possible to achieve greater computational efficiency while preserving the optimal properties of Optimal Transport. 

Since, one of the highly applied approaches is Entropy-regularized Optimal Transport which adds a 
regularization term to the objective of our optimization problem. This regularization promotes smoother transport 
plans and permits the use of efficient iterative algorithms like the Stinkhorn algorithm for solving approximate 
problems. While the use of entropy reduces computational complexity and improves numerical stability, OT would 
not be practical for real-world applications without it. 
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A parallel approach in Optimal Transport theory is its dual formulation, which captures the same problem 
from a different angle. In contrast to transport plans, the dual formulation is performed over a set of possible 
functions that describe the distance between distributions. The latter view opened up new avenues for 
understanding and designing approaches, especially in the field of deep learning, where dual formulations can be 
incorporated within neural network architectures as part of an end-to-end training process. 

Optimal Transport has also been generalized to deal with the more general hierarchies, for example 
unbalanced distributions where mass can differ between distributions. In these cases, mass can be created or 
destroyed through modified formulations making alignment strategies that are far more flexible possible. These 
modifications are particularly useful for applications, where the available data may be incomplete, garbled or 
corrupted. 

To summarize, the fundamental concepts of Optimal Transport theory offer a diverse conceptual framework 
to compare and align probability measures. Introduced as an early visage from Monger through modern 
formulations emerged by Kantorovich, OT is widely used today with impactful applications in ML and more. This is 
beneficial for distribution alignment under challenging scenarios such as geometric information incorporation, 
non-overlapping distributions and high-dimensional settings. Opt For Transport is considered as an increasingly 
central concept in the development process of scalable and robust learning systems, especially given the advances 
in associated computational techniques. 

Stucture Approximately Optimal Learning For Optimal Transport 
Optimal Transport (OT) has shifted from a relatively recent theoretical notion to an auspiciously powerful 

optimization framework for modern machine learning. OT is fundamentally defined as an optimization problem, 
which can minimize the cost of transforming one probability distribution to another. This formulation makes the 
learning systems particularly important since models can leverage it as part of the training criterion from scratch, 
incorporating them into alignment directly. Structured optimization frameworks offer a structured pipeline to 
incorporate OT within the machine learning pipeline, leading to efficient computation, scalability, and adaptability 
in high-dimensional environments. 

Incorporating OT into learning systems demands defining objective functions that balance transport cost 
with model-specific constraints. These frameworks usually consist of a loss function that includes a transport-
based term, often derived from Wasserstein distance, together with classical supervised learning objectives like 
classification or regression loss. This way, the model learns to carry out a particular task and attends to ensure that 
the data distributions underlying them remain aligned. The second is a dual optimization process which 
contributes to enhanced generalization and robustness, especially for domain shift or heterogeneous datasets. 

Constraints is one of the important points in OT-based learning under structured optimization. These 
constraints guarantee those properties of probability distributions, such as non-negativity and marginal 
consistency, for the resulting transport plan. For practical cases, Lagrangian methods or other regularization 
mechanisms for ADD can be cast the general optimization problem. The proposed structure lets you learn less 
complex functions also — hence it is flexible, can be used for various data types and objectives to generate the same 
way of learning in every type — unlike a non-structured process which might not guarantee theoretical soundness. 

One more element that needs to be noted is the scalability of optimization frameworks--. DTW is infeasible 
for very high dimensional datasets since 𝑁 is the number of samples, and dimension makes OT computation 
prohibitively expensive. In this regard, it is worth highlighting structured optimization that alleviates the 
computational complexity issue with a little sacrifice of accuracy. These include entropy-regularized OT, stochastic 
optimization methods, and mini-batch based approaches. These techniques allow OT to be utilized in large-scale 
ML systems, including deep neural networks. 

Geometry, too, plays a primary role in structured optimization frameworks. In contrast to classical 
optimization approaches that utilize point wise differences, OT-based frameworks take into account the geometric 
structure of the underlying data space. In this case, the optimization process is accounting for how relative each 
data point is to all others allowing for more meaningful alignment of distributions. This makes the learned 
representations more consistent and interpretable, which is especially useful for problems like image recognition 
and natural language processing. 

OT has also been coupled with other deep learning architectures via structured optimization framework. In 
this way, OT-based ones are enabled to end-to-end training by incorporating into neural networks. It enables the 
learning of both feature representations and distribution alignment for models. It is also possible to train large 
scale models using OT objective since techniques like back propagation can be easily adapted. It has resulted in 
several more enhanced techniques like Wasserstein Generative Adversarial Networks or WGAN, which makes use 
of OT principles for stable training and performance [6]. 
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In order to clarify the parts and properties of both joint optimization frameworks (that fall under the 
umbrella of OT-based learning), we present a table below: 

Structured optimization frameworks further extend these components by introducing adaptive mechanisms 
to allow the model dynamically learn to adjust transport strategies during training. For example, adaptive 
regularization can adjust the strength of entropy penalties depending on how difficult it is to fit the data. Likewise, 
learning rate schedules and gradient clipping can also help in stabilizing the optimization process similar to the 
traditional deep learning scenario. 

Structured optimization frameworks further extend these components by introducing adaptive mechanisms 
to allow the model dynamically learn to adjust transport strategies during training. For example, adaptive 
regularization can adjust the strength of entropy penalties depending on how difficult it is to fit the data. Likewise, 
learning rate schedules and gradient clipping can also help in stabilizing the optimization process similar to the 
traditional deep learning scenario. 

Table 1: Structure of Structured Optimization Frameworks We classify the existing structured optimization frameworks for learning 
based on optimal transport. 

Components Description Role in Optimization Advantages 
Objective 
Function 

A combination of transport cost 
(between distributions) and 

learning loss 

Optimizes both distribution 
alignment and task 

performance 

Ensures alignment while 
maintaining model accuracy 

Transport Plan Mass movement between two 
distributions 

Core variable in optimal 
transport (OT) optimization 

Enables meaningful coupling 
between source and target 

domains 
Cost Function Distance between data points Defines the cost of 

transporting mass between 
points 

Captures geometric 
relationships in data 

Constraints Marginal and probability 
conditions 

Ensures valid probability 
distributions 

Guarantees theoretical 
correctness 

Regularization External penalties (e.g., 
entropy) 

Improves numerical stability Reduces computational 
complexity 

Optimization 
Methods 

Stinkhorn algorithm, stochastic 
gradient descent 

Efficiently solves OT 
problems 

Scalable to large datasets 

Representation 
(PR) 

Feature representation / 
embedding’s 

Learns meaningful latent 
representations 

Improves similarity learning 
and generalization 

Pure Model / 
Framework 

OT integrated into ML/DL 
frameworks 

Enables end-to-end learning Supports real-world 
applications and adaptability 

Structured optimization frameworks further extend these components by introducing adaptive mechanisms 
to allow the model dynamically learn to adjust transport strategies during training. For example, adaptive 
regularization can adjust the strength of entropy penalties depending on how difficult it is to fit the data. Likewise, 
learning rate schedules and gradient clipping can also help in stabilizing the optimization process similar to the 
traditional deep learning scenario. 

Since then, the hybrid frameworks proposed in literature containing various optimisations and OT have 
emerged as another direction in structured optimisation. OT can, for example, be incorporated together with 
adversarial learning, where a generator and discriminator are stitched up and learnt jointly to yield superior 
distribution match. These hybrid approaches combine strengths from various frameworks and achieve improved 
performance and robust behavior. 

Nevertheless, structured optimization frameworks for OT-based learning have some drawbacks. This means 
that one of your major issues is between the tradeoff between accuracy and computational efficiency. On the one 
hand, the use of such regularization techniques can largely speedup computation time; on the other hand, they may 
induce approximation error. Finally, the selection of cost function and regularization parameters can greatly affect 
performance, easily requiring tuning and a deep understanding of domain. 

Moreover, it is often difficult to understand OT-based models, particularly when combined with deep 
learning architectures. OT gives clear mathematical structure, but it means the final model can be a black box; we 
don't understand what actually has been learned in terms of alignment. Sort of jittering this particular difficulty 
could be a target just for energetic research, while allowing more transparent in addition to an explanation OT-
based methods. 
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To sum up, structured optimisation frameworks are the key to translating Optimal Transport into real-world 
machine learning applications. Leveraging these systematic frameworks enables quick and scalable distribution 
alignment across high dimensions while seamlessly integrating transport-based objectives. Hence, the structure 
optimization is a major theme in developing OT-based learning systems due to its theoretical, computational and 
flexibility aspects. These frameworks are projected to develop and become more advanced as research advances, 
paving the way for new uses of artificial intelligence tools. 

High Dim Problems And Curse Of Dimensionality 
In this modern era of machine learning, high-dimensional data representations are the norm since large 

scale datasets are readily available. These representations, while enabling models to learn complex patterns and 
relationships, also bring with them a great number of challenges that directly impact the performance, scalability 
and reliability of learning systems built on top. The curse of dimensionality discovered, tortuously one of the most 
pivotal issue in this context which being identified as an unexplainable process when the number of dimensions 
increase with exponential recomputed and data requirements at each additional dimension. This chapter 
investigates the high-dimensional spaces and its consequences in alignment of distributions, and how they affect 
learning based on Optimal transport. 

This is due to the nature of high-dimensional spaces, where data points tend to drift far apart making it 
difficult to estimate probability distributions accurately. With higher dimensional spaces, the space volume grows 
exponentially larger, leading data to spread apart and make for sparser regions of samples. The sparsely of these 
clusters results in unreliable statistical estimates, and for machine learning models, poor predictive performance 
since ML models rely on coverage from the training data to learn useful generalizations. This becomes even more 
problematic in the case of distribution alignment where two sparse distributions are to be aligned and very few 
pairs of points may overlap, making robustness w.r.t. imperfect information imperative. 

Another obstacle is the vanishing of distance metrics in high-dimensional space. The first one is that the 
traditional distance measures like Euclidean distance lose their discriminative power due to the curse of 
dimensionality increase. The reason for this is that the relative differences in distances diminish and then it 
becomes almost impossible to differentiate between near and far points. Consequently, many algorithms that rely 
on distance computations start to fail (e.g. clustering or nearest-neighbor approaches). This is a big challenge for 
distance-based cost functions; Optimal Transport relies heavily on them to compute transport plans accurately. 

High-dimensional settings also raise a concern with respect to computational complexity Processing data 
becomes extremely costly with dimensionality, especially with large datasets. In Optimal Transport (OT), pairwise 
distance computation between data points, names a cost matrix which has to store size n x m, that's related to the 
number of samples. When this is coupled with high dimensionality, it leads to large memory and time requirements 
which makes it unsuitable for online or distribute applications. As a result, the problems that arise from these 
formulations require efficient algorithms and approximation techniques. 

High-dimensional learning is already complicated by feature redundancy and irrelevant dimensions. In 
many real-world datasets, the features may only give a minor contribution to the learning task (or even add noise). 
These features that are meaningless can affect the structure of the data and align poorly or misalign. As there may 
be some redundant features in distribution alignment, the algorithm might fail by trying to align noise instead of 
good stuff. To alleviate this problem, dimensionality reduction techniques like principal component analysis and 
autoencoders are commonly employed to preserve only the informative features. 

The complex dependencies and correlations among features can also be a difficult problem. SIMPLE 
MISALIGNMENT ALIGNING low-dimensional / high-precessions aligned subspace, feature/factors depends on each 
others in high-dimensional data, simple methods cannot capture that well; One example would be the fact that in 
image data, pixel values are spatially correlated rather than independent. Neglecting these dependencies often 
results in poor alignments and degraded performance of the model. Conceptually, Optimal Transport provides this, 
and admits a natural embedding of geometric structure into the formulation; however it requires careful 
realization to address these issues. 

The phenomenon of the curse of dimensionality also hampers generalization in machine learning models. As 
the dimensionality increases models become more and more over fitted to noise in sparsely populated areas of 
data. This leads to poor performance when faced with unseen data, thus considerably narrowing the domain of 
application for such a model. To remedy this, one can improve generalization through the use of distribution 
alignment techniques such as Optimal Transport (OT), ensuring training and testing distributions are closely 
matching. However, accomplishing such an alignment in high-dimensional spaces still is a difficult task. 

To address these challenges, researchers have proposed several strategies that improve the efficiency of 
distribution alignment across high-dimensional spaces/features. An example of a widely used approach is 
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dimensionality reduction, which projects the data to a lower-dimensional space in such a way that the main 
structure of that data remains intact. This minimizes computation time, while making distance metrics even more 
reliable. An alternative technique consisted in regularization techniques that impose more structures to stabilize 
the problem of alignment and prevent overfitting. 

Approximation methods are also essential because they help to deal with the challenges of computation. 
Optimal Transport and Stinkhorn iterations unfold this optimization problem and bring prior information ( e.g., 
those based on entropy-regularized transport ) to fasten the computation of multi-scaling formats. They give a 
good trade-off between quality and speed, therefore can be applied in large scale. Moreover, mini-batch processing 
and stochastic optimization allows the solutions to a complicated model with hundreds of thousands or possibly 
millions of records be computed by decomposing the problem into smaller, easier-to-solve sub-problems. 

Moreover, the recent few years have highlighted also on combining Optimal Transport with deep learning 
models to tackle high dimensional data more effectively [5]. Neural networks can be utilized to learn low-
dimensional and rich representations, which can in turn be used for alignment following OT-based approaches. 
This hybrid approach combines the best of both worlds and allows scalable, robust distribution alignment. As one 
such example, the OT is utilized in deep domain adaptation methods to match feature distributions between 
domains and thereby boost model generalization. 

Therefore, high dimensional data has many challenges which directly affect the machine learning and 
distribution alignment. Such a space is fraught with obstacles, such as the curse of dimensionality and distance 
metric degradation and computational complexity and feature redundancy. Optimal Transport offers a strong 
framework to tackle these problems, but the similarity between the nature of issues highlighted above and under-
indented high-dimension data necessitates an in-depth adaptation. By applying dimensionality reduction, 
regularization, approximation methods or working with deep learning they find new ways to successfully perform 
distribution alignment in sophisticated and large-scale environments. 

Regularized And Scalable Optimal Transport Methods 
Regularization and scalability are the fundamental corner stone to use Optimal Transport (OT) in the 

supervised machine learning problems which usually live on high dimension environments. Classical OT 
formulations yield accurate solutions but become computationally prohibitive for large datasets. To overcome 
these obstacles, researchers have designed different regularized and scalable OT approaches that provide a trade-
off between computational efficiency and alignment accuracy. This chapter considers five important subtopics that 
characterize the contemporary state of efficient OT-based learning. 

A. Optimal Transport with Entropy Regularization 
Entropy Regularisation: One of the most impactful techniques adapted for improving computational 

efficiency of OT. This makes the problem smoother and easier to solve by adding an entropy term in the 
optimization objective. 

 Adds a regularization parameter to enforce smoothness of transport plans 
 Turns the optimization into a strongly convex problem 
 It supports Iterative Algorithms for faster convergence 
 Results in less diffuse, more stable transport mappings 
 Less sensitive to noise in high-dimensional data 
 This approach underpins scalable OT algorithms like Stinkhorn iterations. 

B. Stinkhorn-Based Scalable Computation 
The Stinkhorn algorithm is a popular method for computing marginal-distributions-regularised OT problems 

efficiently—one that is often more scalable than standard optimization solvers. It uses matrix scaling methods as a 
way to approximate optimal transport plans. 

 This iterative row and column normalization of the cost matrix is done as 
 Achieves near-quadratic computational complexity 
 Suitable for high degree of parallelizable especially for GPU and distributed systems 
 It is well-suited to scale up our datasets and can easier be integrated with deep learning 
 Offer a speed vs. accuracy trade-off 

Stinkhorn-based methods have become the norm on a variety of OT-related tasks in machine learning. 

C. Mph(Stochastic and Mini-Batch) Optimal Transport 
Additionally, stochastic optimization methods for OT allow models to process data in mini-batches instead of 

taking the entire dataset at once, improving scalability even more. Divides large-scale datasets into smaller parts 
known as mini-batches. 
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 Reduces memory consumption significantly 
 Real-time and online learning ready 
 Train with stochastic gradient descent 
 Keeping alignment performance with lower computation 
 Their potential uses are especially advantageous in training deep neural networks that require huge datasets. 

D. Projections de base dimension et OT tranche 
Projection-based heuristics such as sliced Wasserstein distance provide some efficient algorithms for high-

dimensional OT computations via dimensionality reduction before computing transport. Projects high-dimensional 
data into one dimensional subspaces 

 OT is computed in reduce space for efficiency 
 Works better when you average many predictions 
 Preserves essential distributional characteristics 
 Reduces computational burden significantly 
 This technique works well on high-dimensional data such as images and text embedding’s. 

E. Regularization Beyond Entropy 
Besides entropy, regularizes have been proposed to improve OT effectiveness and generalization in different 

learning contexts. 

F. Regularization 
 Encourages smooth transport plans 
 Reduces overfitting in noisy datasets 
 Group Sparsely Regularization 
 Promotes structured transport mappings 
 Useful in domain adaptation tasks 
 Unbalanced Optimal Transport 
 Distributions that are not balanced on total mass 
 Enables fast creation or destruction of mass 
 Graph-Based Regularization 
 Incorporates structural relationships in data 
 Enhances alignment in structured datasets 
 Enhances the robustness and versatility of OT models 
 Allows customization according to the application requirements 

The introduction of Regularized and Scalable Optimal Transport methods have brought OT from the realm of 
theory to practical applications for modern machine Learning. The addition of entropy and other regularization 
methods, along with scalable algorithms like Stinkhorn and stochastic optimization mean that OT can now be 
scaled to high-dimensional datasets at a cost-effective way. This makes OT remains a really powerful, flexible and 
robust framework for distribution alignment in practical AI system. 

Deep Learning With Optimal Transport 
Optimal Transport (OT) is a very interesting new technique with many applications, and combining OT with 

deep learning has opened up new ways of building machine learning systems that are more robust, scalable and 
distribution-aware. Deep learning models, especially neural networks, can do hierarchical feature representations 
from complex and high-dimensional data with a great success. However, they usually suffer from the case of a 
mismatch between training and testing data distributions. A principled way to tackle this is by using Optimal 
Transport, which allows precise distribution alignment within the model. A combination of these OT and deep 
learning approaches are having a major effect on domain adaptation, generative modelling and multimodal 
learning. 

One of the major reasons we would like to implement OT into deep learning is for generalisation ability in 
other domains. In many applications, the distributions of data sampled from various sources are different which 
makes deployment of a model suffer from degraded performance. Leveraging OT-based loss functions as 
regularization enables neural networks to match these feature distributions between source and target domains. 
This alignment causes the learnt representations to be consistent and transferable giving a generalisation 
advantage during unseen data inference. 

In deep learning framework, OT is used as loss function to Quantify the Distance of distributions in feature 
space. OT-based losses are different from classic loss functions such as cross-entropy which act on individual data 
points, but rather regard global structure of the data. This enables the network to learn relationships between 



Mohamed Ashraf et al/ IJRCSIT 1(1), 01-14, 2026 

 

9 

samples and model underlying geometric shape. This ensures that learned features are more interpretable and 
robust, especially when compared to traditional methods in high dimensional settings. 

Please try again later Another critical area of OT integration is the stabilization of training generative 
models. Style Transfer Generative models like Generative Adversarial Networks (GANs) commonly encounter mode 
collapse, and challenges with convergence. Compared to other conventional divergence measures, OT-based 
approaches generally provide smoother gradients during the optimization process and thus a more stable training 
paradigm through Wasserstein distance. This is responsible for the emergence of Wasserstein-based generative 
models, and generating better samples than traditional methods. 

It also allows OT to be used in feature embedding and representation learning through integration with deep 
learning. First, neural networks can learn compact latent representations of high-dimensional data and OT can be 
applied in this latent space for effective distribution alignment. For this reason, it is less computationally intensive 
while still maintaining key characteristics of the data. This also enables more efficient training since the alignment 
is done in lower-dimensional representations and not directly against raw data. 

Besides, OT can be integrated with back propagation, which is the main optimization mechanism in deep 
learning. OT is optimization problem but in light of recent developments it is possible to calculate differentiable 
approximations to OT distances. This facilitates easy usage with gradient based learning and makes it possible to 
train models end-to-end. However, their implementations are inefficient and non-differentiable. The entropy-
regularized OT and the Stinkhorn iterations you €™ re trained on will help understand how to solve that efficiently 
(and differentiable). 

Integrating OT with deep learning is also advantageous in the context of multimodal learning where one has 
to align data from different modalities (i.e., text, image and audio). OT creates a common context for comparing and 
aligning distributions across modalities, thereby facilitating models to learn shared representations. It is especially 
useful in applications like image captioning, speech recognition and cross modal retrieval. 

While integrating OT with deep learning has a number of advantages, it also get some challenges. 
Computational overhead is one of the most important issues, because OT is an expensive metric to calculate 
(especially large datasets). While approximation techniques have alleviated this burden, there remains the classic 
accuracy versus efficiency tradeoff. Also needs careful tuning for cost functions, regularization parameters. 

There is also an interpretability challenge with OT-based deep learning models. OT offers a mathematically 
precise framework, but it can yield intricate models when paired with deep neural networks that are challenging to 
interpret. Investigation into how transport-based alignment affects learned representations is an ongoing research 
question. Research is underway to create more interpretable models and visualization methods to help us gain a 
deeper understanding about the alignment. 

Table 2: A detail of deep learning systems with optimal transport integrated 

Type Descriptio
n 

Pros and Cons Code 
Availability 

Paper Title Referenc
e Link 

Example 
Applications 

Generative 
Modeling 

Applies OT 
in 

generative 
frameworks 
(e.g., GANs) 

Pros: Stable 
training, high-

quality outputs 
Cons: 

Computationally 
expensive 

Available in 
research repos 

Optimal 
Transport for 

Generative 
Models 

Arrive / 
Research 

Papers 

Image 
generation, 

data 
synthesis 

Multimodal 
Learning 

Aligns 
distribution

s across 
different 

data 
modalities 

Pros: Handles 
noise and 

variability well 
Cons: Complex 

training 

Partial 
implementation

s available 

OT for 
Multimodal 

Representatio
n Learning 

Arrive Audio-visual 
learning, 

cross-modal 
retrieval 

Regularizatio
n Techniques 

Uses 
entropy and 
constraints 
to stabilize 

OT 
optimizatio

n 

Pros: Better 
accuracy-

efficiency trade-
off Cons: 

Hyperparameter
s tuning 
required 

Widely 
available 

Entropic 
Regularized 

OT 

Arrive Model 
regularizatio

n, robust 
training 
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Conclusion The combination of Optimal Transport and deep learning is a formidable approach to solving 
various distribution alignment problems in high-dimensional data. This approach combines the geometric intuition 
of OT with neural networks to lead to more stable, scalable and generalizable models. Challenges like 
computational complexity and interpretability persist, but research is ongoing to make these methods better and 
find even more areas of application. Consequently, OT is likely to have a key role in the future of artificial 
intelligence and demonstrate unique applications on tasks where reliable cross-domain and multimodal learning is 
desired. 

Applications In Domain Adaptation And Transfer Learning 
Optimal Transport (OT) is a elegant optimal mass transport approach to domain adaptation and transfer 

learning, especially for high-dimensional machine learning problem settings. In real practice, the models are 
trained in a general source domain but tested or deployed in another target domain where the data distribution is 
quite different. This results in performance degradation and means that aligning with the distribution is a key 
requirement. OT offers a mathematically principled and geometrically intuitive method for matching these 
distributions as such we feel that OT provides, even in learned models, a suitable structure for maintaining model 
robustness and generalization ability. The chapter considers five key application areas in OT-based methods that 
enable domain adaptation and transfer learning. 

A. Cross-Domain Feature Alignment 
Topology is designed specifically to align feature distributions between the source and target domains, 

making it one of the main application for OT. Neural networks, however, are frequently taught representations that 
generalize poorly outside of the dataset they have been trained on. Transport Plan Based Feature Embedding 
Alignment. 

 Preserves geometric relationships between samples 
 Decrease Domain Gap between Source and Target 
 Improves generalization accuracy in new environments 
 It works great when using deep feature extractors 
 This is a common practice in image recognition tasks where datasets differ by lighting, resolution or 

background conditions. 

B. Unsupervised Domain Adaptation 
Often, only the source domain has labeled data and that too is not available in the target domain. Methods 

based on OT allow unsupervised domain adaptation efficiently. 

 Knowledge transfer without needing target labels 
 Applies transportation plans to match source labels with target data 
 Minimizes distribution gap between domains 
 Supports semi-supervised learning extensions 
 Lowers reliance on expensive data labelling 
 This is especially beneficial in settings such as medical imaging, where acquiring labelled data is rare and 

expensive. 

C. Transfer Learning via Distribution Matching 
Transfer learning deals directly with transfer of knowledge between sources. OT helps with the proper 

distribution symmetry in this process. 

 Data Redistribution- This steps matches the source and target data distributions prior to transferring models 
 Improves feature reuse across tasks 
 Reduces negative transfer effects 
 Supports fine-tuning of pre-trained models 
 Enhances adaptability in dynamic environments 
 When one domain is transferred into another, the goal of OT is to align distributions so that knowledge 

remains relevant and effective. 

D. Multimodal Domain Adaptation 
Many modern applications necessitate the use of multiple data modalities such as text, images or sound. OT 

creates a common schema for these disparate data sets. 

 Aligns distributions across different modalities 
 Enables shared representation learning 
 Supports cross-modal retrieval and analysis 
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 Handles heterogeneous data structures 
 Enhance multimodal AI performance 
 Such applications are highly useful in video analysis, speech recognition, and human-computer interaction. 

Dynamic environments are prevalent in real world systems, where the distribution of data varies over time. 
OT is helpful in making models adaptive against such shifts. 

 Detects and corrects distribution changes 
 Model performance is independent of the changing situation. 
 Supports continual and online learning 
 Reduces model degradation over time 
 Enhances reliability in deployment scenarios 
 That is particularly critical within the circumambient systems, monetary forecasts, and proffer motor. 

Comparison With Other Distribution Matching Methods 
A. Distribution Matching Approaches  

Distribution matching is one of the key problems in machine learning, which has applications in areas such 
as domain adaptation and generative modelling or transfer learning. The aim is to quantify and reduce the distance 
between two probability distributions so that a model trained on one data set will generalise sufficiently well to 
another. The fundamental issue has been tackled in plenty of ways with different theoretical backgrounds and 
practical implications. These methods can be categorized as divergence-based, kernel-based, adversarial learning-
based (e.g., generative and predictive neural networks), and OT-based approaches. Knowledge of the advantages 
and disadvantages of these approaches is required to choose a method suited for any particular application. 

Divergence-based methods have long been used to match distributions thanks to their theoretical 
foundation and computational ease, with Fullback–Libeler (KL) divergence and Jensen–Shannon (JS) divergence 
being among the most famous ones. These approaches further depend on point wise comparisons between 
probability distributions and typically need overlapping support. However, in a high-dimensional space where data 
distributions are sparse or disjoint/broad/complex, these divergences can become ineffective or even undefined. It 
is this limitation that has driven the development of other approaches that can process more complex data 
structures. 

B. Comparison of divergence-based methods to optimal transport 
Divergence Based Techniques — They measure dissimilarity (also referred to as divergence) in probability 

distributions by comparing their density functions. These methods are efficient, but usually unable to capture the 
underlying geometric structure of the data. For example, KL divergence does not take into account the distance that 
if P has probability mass where Q has none. Consequently, it might give false results when your distributions are 
similar in shape but shifted in space. 

On the other hand, Optimal Transport computes a distance across probability mass in both scale and 
location. OT is designed to minimize the cost of transporting mass from one distribution to another and it 
incorporates the implicit geometry of the data space. This is especially useful in situations where structures have 
priority as compared to distributions overlapping or not. OT-based metrics (e.g. Wasserstein distance) offer 
mathematical gradients as well, which results in stable optimization algorithms for ML models. 

However, OT is also worse than divergence-based methods in terms of computational cost. Although many 
efficient regularization techniques have been developed, divergence measures are still preferred for applications 
where time efficiency is crucial and the distribution of the data is not complicated. 

Maximum Mean Discrepancy Using the Kernel trick in kernel methods we are allowing for arbitrary 
mappings φ from the samples to a high dimensional feature space where linear separation is more likely. 

Another alternative to comparing probability distributions are kernel-based approaches e.g. Maximum Mean 
Discrepancy (MMD). These algorithms use kernel functions to project data into a high-dimensional feature space 
and then calculate the difference of mean embedding’s. MMD has become a popular method due to its flexibility and 
capacity to identify complex data distributions without requiring separate density estimation. 

On the other hand, kernel based methods also has disadvantages. Selecting which kernel function to use is a 
critical decision and often difficult. Moreover, MMD neither directly address the data manifold geometry of original 
data space, which can potentially result in misalignment for some applications. OT, on the other hand, works 
directly with data space and gives us a clearer inkling of how different the distributions are. 

MMD is computationally more efficient and easier to implement, but OT provides a richer theory of 
distribution alignment for high-dimensional or structured data. 
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C. Adversarial Learning Approaches 
Popular adversarial learning methods, particularly Generative Adversarial Networks (GANs), refer to 

distribution matching tasks. These approaches train a generator to generate data that is indistinguishable from real 
data, whilst a discriminator also tries to distinguish the two. Implicitly reducing the divergence between 
distributions through this adversarial process. 

While adversarial methods have recently achieved state of the art results, they are often complicated to train 
and can suffer from inherent training instabilities (e.g., mode collapse. Training involves iteratively and carefully 
balancing the generator against the discriminator and convergence is not guaranteed. In addition, since adversarial 
methods do not offer a clear measure of distribution distance, the results are hard to interpret. 

Many of these challenges are addressed by Optimal Transport, which has a natural and well defined 
objective function that is stable under many transformations. In particular, Wasserstein-based approaches have 
been successfully incorporated into adversarial frameworks to stabilize training and improve performance. It 
emphasises the relationship between OT and adversarial learning. 

D. Comparative Evaluation and Practical Considerations 
Performance in high-dimensional settings, interpretability, scalability, and computational complexity of 

different distribution matching techniques are all benchmarks according to which they can be compared. 
Divergence-based methods are easy and fast but geometrically ignorant. Kernel-based methods are very flexible 
but rely on kernel choice. The adversarial methods are clearly more powerful, but also unstable and much harder to 
interpret. 

One of the main aspects that makes Optimal Transport stand out is its power to incorporate geometric 
information, and it handles non-overlapping distributions well. Makes it a natural fit for complicated machine 
learning problems by providing a statistically significant and interpretable distance measure of how distributions 
differ from each other. But its expense is still a major hurdle since it typically costs tons of computation (the bigger 
the program, the better). 

In real life, the method selection depends on application needs. Divergence-based methods might be enough 
for simple distributions with just a few computing resources. In more complex settings that require robust 
alignment and interpretability, OT-based methods are popular. There is also a recent increasing interest in the 
hybrid methods which utilize OT as well as coordinate with other approaches and leverage the strengths of 
different technique. 

 

Figure 2:. KL Divergence vs Optimal Transport 

Conclusion 
Optimal Transport (OT)-based learning recently emerged as a powerful new tool with theoretical guarantees 

to tackle one of the most challenging problems in modern machine learning—distribution alignment in high-
dimensional space. With the rapid evolution of data in terms of complexity, scale and heterogeneity (in domains 
such as healthcare, computer vision, natural language processing (NLP), financial systems etc.) traditional 
distribution comparison approaches are galloping apart. This short paper has shown how Optimal Transport offers 
a strong, geometry-aware and data-agnostic answer to these questions thus allowing for more robust and possibly 
more generalizable machine learning models. 

The work in this paper is motivated by the prevalent view that distribution mismatch is an essential 
bottleneck for real-world applications. Because the distribution of data varies from one environment to its possible 
deployment environment, models trained on any given dataset often do not transfer well. On the other hand, 
conventional divergence-based methods are computationally economical but cannot capture structural and 
geometric relations available in complicated datasets. A limitation of most of these distance measures is they only 
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consider the amount of probability mass, not its arrangement in space; Optimal Transport overcomes this by 
defining a distance metric that accounts for both (1). This is how you achieve more informative comparisons and 
alignments among distributions, even if they do not overlap. 

To this end, the paper has covered systematically the theoretical concepts behind Optimal Transport and 
went through a succession of results ranging from classical ones to more contemporary computational methods. 
Moving from the Monger formulation to the Kantorovich relaxation has allowed us to formulate more flexible and 
practical problems, and using Wasserstein distance we get a powerful metric for quantifying differences between 
two distributions. The theoretical progress has enabled the use of OT as both a loss function and an alignment 
process applied to machine learning frameworks. 

The main contributions of this work are the investigation of structured optimization frameworks that use OT 
in learning systems. Integrating transport-based objectives directly into model training allows to minimize both 
task performance and distribution mismatch in a single pass. The combination of these two promotes more 
robustness of the model and generalization across domains. The paper also stressed upon the basic but important 
idea of entropy regularization and mentioned that they scale quite efficiently to high-dimensional settings. 

Another major important advance reviewed here is the integration of Optimal Transport with deep learning. 
One key advantage is that OT-based alignment techniques work well with neural networks, since they are capable 
of learning hierarchical representations. Incorporation of OT in deep learning pipelines can help learn both 
discriminative and distribution ally consistent feature representations. These factored representations are useful 
for enhancing applications across the landscape of domain adaptation, generative modeling, and multimodal 
learning. Notably, the Wasserstein distance in generative models has solved some of the age-old problems with 
instability and mode collapse for training and obtaining higher quality as well as a diversity of output. 

It analyzed classical linear programming OT algorithms through new scalable methods like Stinkhorn 
iterations and stochastic optimization. They show us how OT can be used in large scale data and furthermore high-
dimensional feature spaces. Although computational complexity is still a challenge, increasing research effort 
focuses on more efficient and scalable solutions to make OT more practical for real-world applications. 

The comparative analysis also pointed out the benefits of OT against three other distribution matching 
techniques: (1) divergence-based methods, (2) kernel-based approaches and finally, (3) adversarial learning 
frameworks. Each of these techniques has its own advantages and disadvantages, but one common aspect is that 
OT utilizes geometry information to deal with non-overlapping distributions. This property makes it very effective 
in difficult and high-dimensional data where other methods tend to perform poorly. 

We empirically demonstrate through the experimental framework and case studies presented in this paper 
that Optimal Transport has tangible practical relevance. Be it a healthcare, computer vision, finance or 
recommendation systems OT has proven its worth in maximizing the performance of model utility, improving 
robustness or transfer learning. These examples from the real world illustrate that OT can be applied in many areas 
of machine learning, and its principles can even address very different challenges. 

The paper readily admits that it has its limitations, despite all its benefits; the limitations are: This remains a 
challenge which is even more relevant for big scenarios, and real-time application, due to the computational cost. 
Nonetheless, selecting the right cost functions, regularization parameters and optimization strategies is domain 
specific and a non-trivial process. Interpretability OT-based model: the integration of OT with deep learning, it is 
one of the current research topics requiring thorough exploration. 

The future of learning with Optimal Transport is bright, promising and dynamic. Future research has some 
very interesting directions pushing OT forward such as developing even more efficient algorithms, exploring 
integration of OT with new advanced neural architectures and potential applications of OT in various new areas 
including reinforcement learning, federated learning and edge computing. There is also increasing interest in 
combining OT with other methods, such as graph-based learning and probabilistic modeling to develop hybrid 
frameworks that take advantage of the strengths of multiple approaches. 

In summary, Optimal Transport is able to deliver a broad and powerful framework for the problem of 
aligning distributions in high-dimensional machine learning. It is indispensable for leap-frogging artificial 
intelligence thanks to its intrinsic capability of encoding geometric structure that does not assume specific data 
distributions, as well as its smooth integration with the ongoing momentum in various modern learning systems. 
Indeed, OT will cement itself as a core building block of the data-driven technologies that power several 
applications in our near future. 
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