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Abstract: The inherent dependency of deep learning models to labeled data is a well-known problem

and one of the barriers that slows down the integration of such methods into different fields of

applied sciences and engineering, in which experimental and numerical methods can easily generate

a colossal amount of unlabeled data. This paper proposes an unsupervised domain adaptation

methodology that mimics the peer review process to label new observations in a different domain

from the training set. The approach evaluates the validity of a hypothesis using domain knowledge

acquired from the training set through a similarity analysis, exploring the projected feature space to

examine the class centroid shifts. The methodology is tested on a binary classification problem, where

synthetic images of cubes and cylinders in different orientations are generated. The methodology

improves the accuracy of the object classifier from 60% to around 90% in the case of a domain shift in

physical feature space without human labeling.

Keywords: unsupervised domain adaptation; pseudo-labeling; transfer learning

1. Introduction

Labeling huge amounts of unlabeled data becomes more and more challenging for models with an

increasing complexity. Different forms of labeling strategies such as semi-supervised, self-supervised

and active learning including generative and adversarial methods have been a vibrant research field to

solve this common problem with many successful demonstrations [1–3].

In the case of semi-supervised learning, generative models aim to learn and sample from the

explicit or implicit probability distributions, while consistency regularization utilize the unlabeled

data with perturbations for model robustness [4]. In such data-centric methods, including image

augmentation techniques, it is assumed that the boundaries of the original, or the extracted feature

space engulfs the whole possibility space and the synthetic data generation provides a mean to increase

the data density. In active learning, the objective shifts to select unlabeled data instances to be labeled

in an optimal way so that the expensive human annotator/oracle is consulted at a minimum rate, while

updating the prior on the data distribution. Herein, the objective function for adding new examples

can vary such as maximizing diversity or the accuracy of the model [2]. Nonetheless, the standard

approach for active learning relies heavily on human interaction for labeling uncertain samples. This

limitation increases the time and cost of the process, especially when working with large datasets.

n-Shot learning is an alternative, model-centric approach that aims to increase the predictive capability

of machine learning methods with few training instances by either looking for similarities in embedded

feature spaces or relying on meta-learner that can adapt to different tasks [2]. There are also work

reported that merges the strengths of unsupervised, self-supervised and semi-supervised methods

[5–7]. We refer the reader to recent review literature for a more detailed overview [2,3,8–13].

The main objective of this work is to propose an alternative, similarity based framework to label

unknown instances, particularly in the presence of a domain shift (i.e., feature statistics of the unlabeled

instances is different than the labeled ones). The essence of the underlying learning mechanism mimics
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the peer reviewing process in the scientific community. Pseudo labels created by the hypothesis

generator (e.g., a classifier model) are examined by the reviewer via metric learning. Herein, the shifts

in class centroids in a projected feature space due to the proposed hypothesis (pseudo labels) is taken

into consideration in terms of direction and magnitude. Representing the current knowledge (labeled

instances) as centroids and tracking its relative change with the added pseudo-labels has eliminated

the need for human labeling for the case study and improved the accuracy of the object classifier in the

presence of a drastic domain shift. In the following, we will give a brief overview of the relevant recent

work, explain our methodology and discuss the further steps.

2. Related Work

The field of semi-/self-supervised and transfer learning has raised a great interest in the

community. Herein we will highlight some of the recent work that have some similarities with

the different aspects of the proposed idea. One big issue with semi-supervised strategies is the

assumption, that the data of both, the training and test data is drawn from the same distribution. This

domain shift between training (source domain) and test data (target domain) can lead to a poor model

performance for target instances. Domain adaptation, as a subfield of transfer-learning, focuses on

generalizing models trained on a source domain, to be applied to different target domains. The case

where no target labels are available is referred to as unsupervised domain adaptation [14]. Various

methods have been developed in the last decade to overcome the problem of domain shift. Those

methods can be categorized according to [15] into instance-based, feature-based and parameter-based

methods. Since parameter-based methods focus on adjusting the model’s parameters, which is not in

the scope of our work, we refer to [14] for related methods.

1) Instance-based methods adjust the weights of the instances in a way, that the distributions of both

domains are similar [15]. [16] automatically select instances from the source domain ("landmarks"),

which are distributed similarly to the target domain, in order to bridge the domain shift gap. As in

our work, [17] follow a pseudo labeling strategy for domain adaptation in Support Vector Machines,

where pseudo labeled target instances are moved to the training dataset based on their distance to the

upper and lower bound of the decision margin. Both studies include only different parts (similarity

analysis, pseudo labeling) of our proposed method.

2) Feature-based methods achieve domain adaptation by adjusting the features of two domains [15].

Many approaches try to alleviate the domain discrepancy by projecting both domains in a common

embedding space [18–20]. In a recent work, [21] use a Deep Ladder-Suppression Network, to extract

expressive cross-domain shared representations by suppressing domain-specific variations, which can

be integrated with metric discrepancy-based methods like D-CORAL [22], DAN [23] and JAN [24].

Several studies utilize a pseudo labeling approach, known from semi-supervised learning, to

enhance the model’s performance on the target data. Similar to our work, [25] accept or reject pseudo

labels of target instances based on their distance to the corresponding class center in a spherical feature

space. Their approach can be implemented based on adversarial domain adaptation models like

DANN [26] and MSTN [27]. The idea of iteratively improving the pseudo label predictions of a base

classifier is part of the visual domain adaptation (VDA) model by [28]. Their approach employs

domain invariant clustering by minimizing the joint marginal and conditional distribution distances

across domains in the latent space iteratively.

3. Our Contribution

Semi-/self-supervised methods assume that the labeled fraction of the data is informative enough

to learn/sample from the underlying probability distributions, despite being sparsely distributed.

n-shot learning methods are exploring the unseen classes by accessing information through matching

semantic labels with the extracted features. Herein, it is still assumed a priori, that the physical feature

space is represented by the semantic content, through which the embedded clustering of unique

combinations are assigned to new classes. Active learning relies on dissimilarities and query the most
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informative instances to oracles. In the case of domain shift, however, such a methodology would

demand a large number of samples to be labeled with human supervision.

In this work, we target scenarios during which drastic domain shifts in the physical feature space

are expected, which is in turn reflected into the observed state features or their projected representations.

The proposed methodology mimics the peer reviewing process in the scientific community. The current

knowledge (labeled data) is treated as centroids acting like attractors. The new hypothesis (pseudo

labels coming from the classifier) is checked by the reviewer model based on metric learning. One

unique aspect of our work is to use the concept shift in each class that may happen with the new

proposal as a decision criteria to accept, revise or reject the proposed hypothesis. As in scientific

peer reviewing, the decision is made based on the consistency of the new proposal with the current

knowledge and the self-consistency of the new proposal. The consistency here is defined as vectors

constituted by the current and proposed cluster centroids in the latent space. Herein, peer-reviewing

policy acts like an autonomous learning mechanism with no reliance on any oracles. In other words,

the unlabeled data space (suspected to be different than the training feature space) is explored via

relative information and similarity-based learning, rather than accessing absolute information as

needed. The details of the methodology is described in the following section.

4. Materials and Methods

4.1. Case Study: Synthetic Basic Shapes Dataset

In this study, we present a case coming from the multiphase flow community related to the particle

segregation and distribution analysis of a wood recycling unit operating in the dilute flow regime.

The domain shift aspect of the problem comes from the fact that while designing the equipment,

particle characterization experiments (as in the work of [29]) is conducted within a certain flow

settings (physical features of the gas and solid phases). In gas-solid flows, the particle segregation and

entrainment strongly depend on the balance between the drag, gravitational and the buoyancy forces

[30]. As the velocity of the gas phase increases (i.e., Reynolds number for particles (Re) increases),

particles that are well-oriented with respect to the flow direction (when Re < 100) start to exhibit

complex secondary motions due to difference in the center of gravity and the center of pressure,

which is typically the case in the real operation (Re > 1000). Herein, the orientation of the particle

further affects the instantaneous drag force acting on the particle, which in turn change the force

distribution on the particle, further changing its orientation and the distribution along the chamber.

Depending on the material batch and pre-processing steps (e.g. milling), particle properties such as

size distribution and shape features (base shape, aspect ratio) can also introduce further shifts in the

physical feature space, leading to a multi-layered, hierarchical relation network. On the other hand,

such orientation/flow alignment statistics (e.g., [31]) are needed to be able to design the recycling unit

targeting a certain material or mixing patterns within the chamber (e.g., separating viable wood from

waste).

The dataset is created by considering a typical flow characterization experiment, where particles

are fed to the setup and their distribution is monitored typically via high speed imaging, followed

by masking, object detection, shape classification and building orientation statistics for many events

at the same operating conditions [30]. In order to test the proposed idea, we reduced the problem

complexity and first look at the classification problem (we will return the whole framework in the

discussion part). Synthetic images of cubes and cylinders in different orientations are generated using

the open-source 3D creation software ”Blender”, which also provides us with the corresponding

labels (shape, orientation). Both the cubes and cylinders have an aspect ratio (AR) of 1 to add more

overlapping shape projections at different orientations. All objects are centered in the images, which

are 224 × 224 px in size. Herein, it is assumed that object detection is handled via a simple tool such

as background substraction, which is a rather easy task with high speed imaging in dilute flows (i.e.,

particle volume fractions are low by design). The generated images differ only in the shape and

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 27 July 2023                   doi:10.20944/preprints202307.1874.v1

https://doi.org/10.20944/preprints202307.1874.v1


4 of 16

rotation around the x- and y-axis. The training, validation and initial test dataset for the base classifier

includes images of cubes and cylinders with rotations around both axes limited to 15°. Herein, it is

analogous to conduct an experiment with real particles (e.g., more complex shape classes) at low Re

and create an initial labeled dataset. The test data (second set to analyze the proposed idea), on the

other hand, includes random rotations of the objects that are exhibited at high Re flows. We created

two different test datasets: one for pseudo-labeling called the pool dataset, and the other (test dataset)

for evaluating the classifier performance as it explores the unknown feature space during the learning

process, which is used only for model performance assessment. Table 1 summarizes the number of

samples and the range of possible rotation angles for each. Figures 1 and 2 show example images for

the train, pool and test dataset, respectively.

Figure 1. Train dataset samples for cube and cylinder.

Figure 2. Test/Pool dataset samples for cube and cylinder.

Table 1. Overview of the different datasets used.

DATASET TRAINING VALIDATION POOL TEST

SAMPLES 3200 800 10000 10000
ROTATION 0° − 15° 0° − 15° 0° − 360° 0° − 360°

4.2. Algorithm Details

The proposed method relies on an autonomous peer reviewing process to eliminate the need

for human labeling even in the presence of a domain shift. As illustrated in the algorithm flowchart

(Appendix A), we begin by creating four datasets (training, validation, pool, test) as described in

Section 4.1. In the first step, we use the initial training and validation datasets to train a basic classifier,

in this case a ResNet18 model. Before training the model, we check the training data for class imbalance

and apply undersampling if necessary. At this stage, the goal is to create an accurate model given the

observations. In the second stage, the classifier, which has been trained on images of particles with

rotations limited to 15°, is used to predict pseudo labels for the pool dataset, which includes images of

particles with any rotation. It should be reminded here, that the particles are literally rotated in the

Blender environment, as if it is caused by secondary particle motions and images are captured at a
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fixed camera position. Before passing the pseudo labels to the reviewer, we use the class probabilities

output by the network’s softmax output layer to discard predictions that fall below a 80 % confidence

threshold, in order to filter out predictions where the model is not confident.

In the next step, the proposed classes are checked by the reviewer via a novel metric learning

approach. Similar to many similarity based assessments, we fist project the training and pool data

into a two-dimensional embedding space using two different dimensionality reduction techniques,

namely t-SNE [32] and Ivis [33], which preserve local and structural similarities of the original images

in the low-dimensional representations. The hypothesis is that the model is more likely to accurately

predict samples that are similar and therefore closer to the training data in the embedding space, akin

to how humans tend to build upon their prior knowledge by solving problems that are similar to ones

they have already solved. By selecting those samples during each iteration, the model will be able to

systematically explore the entire data space in the presence of concept shift. What is unique in our

approach is to use both the magnitude and the direction of the centroids for all classes simultaneously

in the form of a domain split task. A more detailed description of the acceptance/rejection policy

is provided in Section 4.3. After the reviewing process, the algorithm checks if more than 1 % of the

pool data has been accepted. If more than 1 % of the recent pool data is selected, these samples and

their corresponding pseudo-labels are added to the training dataset for the next iteration, effectively

treating them as true labels. This process continues until, in theory, the entire pool dataset is correctly

labeled. If not, the algorithm re-applies the dimensionality reduction method, resulting in a different

embedding space since t-SNE and Ivis are non-deterministic. In this inner loop, the similarity constraint

is further relaxed via increasing the allowable maximum distance from the class centroid by 20 %. If

the recalculated embedding space does not lead to a higher number of selected pool samples for five

consecutive iterations, the algorithm stops. As some incorrect predictions may be added to the training

dataset, leading to a confirmation bias, we calculate the accuracy metrics on an independent test data

during each iteration of the learning process. It is important to note that no external information is

used during the training and it is merely used for demonstration of the improved performance of the

classifier due to selective use of self-improved pseudo-labels.

4.3. Reviewing Policy

In essence, the reviewer checks how the newly labeled dataset is aligned with the current centroids

and how the class centroids will shift if the proposed labels are accepted. To generate the necessary

low dimensional embeddings, we deployed two dimensionality reduction techniques, t-SNE [32] and

Ivis [33], which both produce two-dimensional representations of the training and pool images. We

set the number of nearest neighbors to 30 for both. Ivis is selected due to its demonstrated ability to

preserve the data structure and whether that proves to be more useful than the t-SNE approach. It

is also considered that the performance comparisons with different projection policies can provide

further insights on whether we can benefit from multi-review approach in the follow-up studies.

For the reviewing, we first calculate the centroids for both the training data and the pseudo

labeled pool data for each class. The centroids calculated from the training set represents the current

"state of the art". The centroids of the pseudo labels proposed by the most recent classifier, on the other

hand, represents the "proposed hypothesis". Let l1,A and l1,B denote the distances between the training

centroid and the pool centroid for class A and B, respectively. Herein, l1,A and l1,B provides relative

information about the magnitudes of the domain shift. Next, the directions of the vectors starting

from the previous class centroid to the newly observed class centroid is computed to decide in which

direction it is reasonable to expand for each class, based on how the classifier interpret the "world" and

the pool data (unlabeled set). Herein, we used semicircles to explore the projected feature space. At

each iteration, we add all pseudo labels that are inside the semicircle of one class, but not inside the

semicircle of the other. By doing so, in a single step, we account for the both negative and positive

feedbacks coming from the previous and the proposed knowledge states. Herein, each projection with
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t-SNE or Ivis acts like the perspective of the reviewer(s) to the current state of art, and its relation to

the proposed hypothesis (pseudo labels).

Figure 3 shows an example plot of the filtering in the embedding space using t-SNE from both

the perspectives of Class A and B. In each view, the blue color shows the class of interest, while

the gray color denotes the other (i.e., data space is viewed based on one-vs-others). The training

data is represented by large-thicker points. The pseudo labeled pool data is represented by smaller

points if the model predictions was right, else with a cross symbol. From the figure, it is immediately

seen that the pool data exhibits a concept shift and the unlabeled pool data has drastically different

representations for classes.

Figure 3. Example embedding space for selecting pool samples for class A and class B.

The green shaded semicircle area defines the zone, where the pseudo labeled pool data is to be

added if we only take the class of interest into account (blue color). Correspondingly, the red semicircle

defines the area of rejection if we consider the feedback coming from the concept shift in the other

class. The selected pool data samples are highlighted in red.

One important hyperparameter here is the radius of the semicircles, which is analogous to the

learning rate concept. In the study, it is calculated via two different methods:

r1,i = 0.8 l1,i i ∈ [A, B] (1)

r2,i = (µ − l1,i) + l1,i(1 −
l1,i

l0
) = µ −

l2
1,i

l0
i ∈ [A, B] (2)

for both class A and B. The first definition is simply scaled with the available subjective

information about the concept shift. The second definition is considered as an alternative approach,

which is regularized with respect to the data projection. For that purpose, we introduce two new terms

into the equation. µ is the average distance between pseudo labels of class i and the training centroid

of the same class, while l0 is the distance between the two training centroids, which is considered

as a relative similarity measure between current class representations in the projected space. Such

a regularization is considered to be useful particularly if the domain shift in the projected feature is

manifested as a symmetric expansion around the training centroids. In such a a case, l1,i would be

close to zero, resulting in a stagnation in the learning process (no pseudo labels would be accepted).

If the concept shift is highly asymmetric, then the first term of the Eq. 2 would converge to zero and

domain exploration would be driven by the shifts in class centroids. This is considered to be similar to

weight regularization.
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5. Results

5.1. Learning Process

We first examine the learning process by looking at the quantity and quality of the selected pool

data samples, as well as the embedding space during the learning process using t-SNE in combination

with the simple radius selection method (r1). Figure 4 reports the details of the learning process via

demonstrating (i) the percentage of the accepted pseudo labels with respect to the initial pool data and

(ii) the calculated accuracy of the binary classification task at each iteration. It should be reminded that

these samples are subsequently added to the training data in the next iteration, and therefore play a

crucial role in the overall success of the method.

Focusing on t-SNE using r1 in Figure 4a, it is evident that for the first five iterations, almost no pool

data samples with incorrect predictions were selected, indicating that the model’s accuracy on the test

dataset is likely to improve. However, it is worth noting that in the subsequent iterations, it becomes

increasingly difficult to avoid adding samples with incorrect labels to the training data. The accuracy

of the selected pool samples reaches a minimum of 45 % during these later iterations, though in most

cases it is above 90 %. Additionally, the overall proportion of pool data added to the training dataset

per iteration remains relatively low, at a maximum of 27 %. The overall number of samples selected per

iteration serves as a form of learning rate, as increasing the number of samples per iteration could lead

to faster potential improvement of the model’s accuracy, but at the same time increases the proportion

of mislabeled data in the training set. This emphasizes the importance of balancing the quantity and

quality of samples selected per iteration to achieve optimal model performance. To underscore the

significance of the embedding filtering step, Figure 5 demonstrates the results obtained from a purely

self-supervised approach, i.e., using only the confidence filter of the classifier. The findings reveal a

rather poor accuracy of about 60 on the test dataset when relying solely on the model’s confidence

scores to select samples. Additionally, nearly all samples pass the filter in the first iteration since the

model’s confidence scores exceed 95 for more than 90 of the samples. The results are not affected by

adjustments to the confidence threshold to higher values either. In the test runs with the reviewer

approach, on the other hand, the confidence filter gets important in later iterations. Model yields a

wider range of confidence distribution, as more samples from the target domain are added into the

training dataset.

In order to further investigate the reviewing process, we present in Figure 6 the corresponding

embedding plots for iterations 0, 6, 8, and 11, with a focus on the selection process for class B. As

shown in Figure 4a, in the first iteration, almost all accepted pool samples had been correctly classified

by the model. However, in iteration 6, the rejection semicircle of class A is not large enough to reject the

misclassified samples, which will consequently be added to the training dataset in the next iteration. It

is worth noting that the majority of misclassified pool samples by the model are either in the boundary

zone between the two classes or have a significant distance from the training data centroid (Figure 6).

This supports our assumption that the accuracy of predictions for similar images is higher and the

position of the training data centroids should be included in the selection process. After eight iterations,

most of the pool data had already been included into the training set and only a few additional samples

can be selected. Recalculating the embeddings in addition to increasing the semicircle radius did not

lead to an increase in the number of selected samples at this point. Since this was the case for the last

five iterations, the algorithm stops after Iteration 11. The remaining samples are added based on the

most recent classifier.
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Figure 4. Added pool data per iteration for t-SNE/Ivis and r1/r2 devided in correct classified (green)

and misclassified (black) fractions; numbers above the bars represent the prediction accuracy in each

iteration.

Figure 5. Added pool data per iteration for a run without the embedding filter devided in correct

classified (green) and misclassified (black) fractions; numbers above the bars represent the prediction

accuracy in each iteration.
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Figure 6. Embedding based on t-SNE.

5.2. Evaluation of Alternative Review Procedures

Next, we turn to an analysis of the quantity and quality of the selected data samples per iteration

for the different combinations of t-SNE/Ivis and r1/r2. In Figure 7, the accumulated amount of pool

data that was added to the training dataset of the next iteration until the training process stopped is

shown for all cases. Typically a larger number of samples are selected in the first iteration compared to

later iterations. Almost 95 % of the whole pool data was added iteratively before the loop is terminated,

except the t-SNE projection with r2 policy regularization, which added up to 56 %. When comparing

the results obtained using r1 and r2 as the radius for the filtering shape, it is evident that using r1 leads

to the selection of more samples in the first iterations. Specifically, after two iterations almost 50 % of

the pool data has already been selected using r1, while it takes six iterations to reach the same level

using r2. The comparison shows that regularization technique functions as expected, yet without much

noticeable improvement in the accuracy rates. Results further suggest that alternative and/or adaptive

domain regularization methods should be investigated. One suggestion here is to deploy a transition

between r1 to r2 based on the percentage of the remaining pool data, which may be more effective at

identifying and selecting relevant samples early on in the training process. It is also seen that t-SNE

leads to a higher accuracy rate in most of the time, compared to the Ivis method, as shown in Figure 4.

During some iterations, especially when using Ivis in combination with r2, the accuracy falls below

50 %.
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Figure 7. Accumulated filtered pool data.

5.3. Accuracy Assessment on Test Dataset

Figure 8 depicts the accuracy, precision and recall score at every iteration on the test dataset using

t-SNE and r1. The precision and recall curve is only shown for class B, as they look very similar to

that of class A. When the classifier is tested on the data with the domain shift, the initial accuracy is

found be around 55 %, which at about 99 % in the test data without the domain shift. With the peer

reviewing policy, the model’s accuracy increases to 85 % after 6 iterations. The course of the precision

and recall scores follow a similar pattern, except of iterations 4 − 6 where the precision temporarily

drops to 77 % whereas the recall score increases to 88 %. This can be explained by the model being

biased towards class B during these iterations. In order to test the repeatability of our method, we

performed four different runs with t-SNE embedding and r1 as the radius of the acceptance/rejection

semicircles. The results of that investigation are shown in Figure 9. It is clear that the resulting accuracy

plots cannot be identical due to the stochastic nature of the t-SNE. Nonetheless, the overall learning

history looks similar with different projections and converge to a similar accuracy score at around 87 %

with a maximum difference of approximately 5 %.

In an attempt to better see whether peer reviewing approach outperforms a baseline model, we

conducted a simple self-supervised learning policy, where the classifier confidence is used as the only

filter for adding pseudo labeled instances to the training set. In this case, however, the accuracy of the

basic approach do not change significantly once all the pool data is added (58 %), which illustrates the

added value of using the direction vectors to explore the unknown feature space for fully automating

the self-learning schemes.
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Figure 8. Test data metrics for evaluating model over iterations using t-SNE and r1.

Figure 9. Comparison of different runs using t-SNE and r1.

Figure 10 compares the predictive accuracy of all four approaches on the test dataset. It can

be seen that after the first learning loop, methods with no regularization (r1) outperforms the ones

with regularization (r2) by a margin. In the course of the iterations, the accuracy curves converge to

different maximum scores. Especially using r2 results in a maximum accuracy of only around 65 %

for both embedding methods, while using r1 results in an increase of accuracy to around 89 % for

t-SNE and 78 % for Ivis. With t-SNE projection, a total accuracy increase of 29 % is achieved. It should

be emphasized that this increase in accuracy was not due to any external input, but rather achieved

as a result of the selection process based on relative metric learning in the embedding space. This

highlights the effectiveness of the proposed reviewing policy particularly for scenarios with noticeable

domain shifts.
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Figure 10. Accuracy improvement on test dataset.

6. Discussions

Our method proposes to use all information extracted from the potential shift in class centroids in

terms of directed vectors and regularized, gradual feature space exploration, which is considered to be

particularly useful when the unlabeled data includes concept drifts in the physical feature space. In an

attempt to test the idea, we created a dataset related to gas-solid flow characterization experiments, in

which the human generated labels typically cover a fraction of the operating parameters.

As in self-supervised approaches, we only rely on model predictions to minimize the human

supervision needed particularly for a new case study. In addition to model confidence as a filter for

learning, we apply the principles of metric learning to assess the shifts in class centroid (in lower

dimensional projections) based on the relative information provided by the classifier. Herein, we

utilize all the positive and negative feedbacks extracted from the proposed pseudo labels, in the form

of direction vectors connecting the current and the proposed class centroids. The reviewer accepts

the current labeled data as the state of the art and checks how much the new proposal (pseudo labels)

are consistent with the known ground truth (most recent training data) via considering the potential

re-partitioning of the projected feature space. This is done in a single step by considering the domain

shift vectors of all classes, which are directed from the training sample centroids to the pseudo labeled

pool centroids. If the position of the pseudo labels in the latent space do not agree with the potential

domain shifts in all classes, the algorithm rejects the proposed labels for those instances at the given

iteration. All pseudo labeled pool samples which pass both filters are added to the training dataset,

helping to improve the model performance in the next iteration. With this approach, we were able to

improve the accuracy for predicting the class from initially 55 % to 89 %.

From those findings we can conclude that the labeling process by a human can be at least partially

replaced. We called our approach as peer reviewing, since the metric learning deployed as the reviewer

also has access the same labeled training set, but look at the proposed pseudo labels from a different

perspective. Herein, the quality of the reviewing process can be improved by utilizing multiple

reviewers (projections and distance descriptions) with different initialization, or partial knowledge of

the training set (similar to masking policies). The approach can be further strengthened with other

augmentation techniques. An important point here is that the feature space exploration was found

to be increasing the model accuracy drastically if it is both gradual and directed, indicating a vector

field in the embedding space. In our implementation, we used the direction vector of the centroid
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shift as a supporting information to expand class domains asymmetrically and in the direction of the

available information, unlike the clustering based approaches which grow in every direction. We

also showed it is both intuitive and easy to implement either more strict or relaxed regularization

schemes for the directed domain exploration, which can be guided through the rate of pseudo label

addition, analogous to momentum approach in gradient decent. We currently work on testing our

approach on different benchmark datasets from the domain adaptation community like VisDA2017

and Office-Home and extend it to be applicable to multiclass classification problems.

7. Conclusions

In conclusion, our method presents a novel approach for leveraging unlabeled data with concept

drifts in the physical feature space. By utilizing directed vectors and gradual feature space exploration,

we aim to minimize human supervision and improve the model performance. Through experiments on

a custom particle dataset originating from the multiphase flow community, we successfully addressed

the challenge of domain shift between slightly rotated and randomly rotated particles. By leveraging

our method, the accuracy of the model on the test data significantly increased from 58% to 85% without

requiring any external input. This improvement demonstrates the effectiveness of our approach in

adapting a pre-trained model from a source domain to achieve high accuracy in a target domain.
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Abbreviations

The following abbreviations are used in this manuscript:

AR Aspect Ratio

DAN Deep Adaptation Networks

DANN Domain Adversarial Training for Neural Networks

D-CORAL Deep-Correlation Alignment

JAN Joint Adaptation Networks

MSTN Moving Semantic Transfer Network

t-SNE t-Distributed Stochastic Neighbor Embedding

VDA Visual Domain Adaptation

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 27 July 2023                   doi:10.20944/preprints202307.1874.v1

https://doi.org/10.20944/preprints202307.1874.v1


14 of 16

Appendix A. Algorithm Flowchart

Figure A1. Algorithm flowchart.
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