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Abstract: This paper investigates the impact of randomly initialized unique encoding of classification
label position on the visual masked self-supervised pre-trained model when fine-tuning downstream
classification tasks. Our findings indicate that different random initializations lead to significant
variations in fine-tuned results, even when using the same allocation strategy for classification datasets.
The accuracy gap between these results suggests that the visual masked self-supervised pre-trained
model has an inherent preference for classification label positions. To investigate this, we compare it
with the non-self-supervised visual pre-trained model and hypothesize that the masked self-supervised
model exhibits a self-aware bias toward certain label positions. To mitigate the instability caused
by random encoding, we propose a classification label position ranking algorithm, Label Ranker. It
is based on 1-D dimensionality reduction of feature maps using Linear Discriminant Analysis and
position-rank encoding of them by unsupervised feature clustering using the similarity property
of Euclidean distance. This algorithm ensures that label position encoding align with the model’s
inherent preference. Extensive ablation experiments using ImageMAE and VideoMAE models on the
CIFAR-100, UCF101, and HMDB51 classification datasets validate our approach. Results demonstrate
that our method effectively stabilizes classification label position encoding, improving fine-tuned
performance for visual masked self-supervised models.

Keywords: classification task; linear discriminant analysis; label position encoding; visual masked
self-supervised pre-trained model; vision transformer

1. Introduction
In the past few months, we have observed some intriguing phenomena while applying visual

masked self-supervised pre-trained models, including ImageMAE [1], VideoMAE [2], MAE-ST [3], and
MultiMAE [4], to various downstream classification tasks. When performing downstream classification
tasks using the same dataset allocation strategy, we found that different randomly initialized unique
encoding of classification labels led to significant variations in results when the pre-trained models
were trained with fully supervised fine-tuning, as illustrated in Figure 1.
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Figure 1. Illustration of the Problem Origin. The impact of randomly initializing the unique encoding of the
classification label position.

In other words, during each fine-tuning process, we strictly maintained the downstream dataset
partitioning strategy and the initial parameters of the visual masked self-supervised pre-trained
model unchanged. The only variable was the method of randomly initializing the unique position
encoding of the classification labels in the downstream task. Surprisingly, we found that despite
the consistency of input data and pre-trained weight parameters, different random initializations
of label position encoding led to significantly different fine-tuned outcomes. In some experiments,
the final performance deviation of the fine-tuned models reached as high as 10%. This phenomenon
suggests that the unique encoding of classification labels plays a crucial role during fine-tuning and
may profoundly impact the model’s optimization trajectory, gradient distribution, and even its final
generalization ability. Therefore, we hypothesize that the visual masked self-supervised pre-trained
model might have an inherent preference for certain label encoding or positional arrangements. This
study aims to explore the underlying nature of this phenomenon and analyze its potential impact
on model fine-tuning optimization, with the goal of providing new theoretical insights and practical
guidance for downstream applications of self-supervised learning.

To address these challenges, various solutions have been proposed across different domains to
mitigate the impact of label randomness on model optimization. In the field of natural language
processing, researchers have introduced semantic-aware label embeddings [5] to overcome the lim-
itations of traditional one-hot encoding, which ignores semantic relationships between categories.
This approach provides continuous, semantically relevant representations for class labels, thereby
reducing the influence of label randomness on the optimization trajectory. However, its effectiveness
relies on the presence of semantic associations among categories. For completely unrelated classes, its
impact may be limited. Particularly in computer vision tasks, where semantic relationships between
different categories are far less pronounced than in textual tasks, the advantages of semantic-aware
label embeddings may not be fully realized. Additionally, some researchers have employed consistency
regularization [6] and class-invariance constraints [7], leveraging adversarial or contrastive learning
strategies to introduce perturbations to the label encoding during training. These approaches enable
the model to become invariant to encode randomness, thereby enhancing robustness. However, they
also significantly increase computational costs, potentially limiting their applicability in large-scale
tasks.

Therefore, we compared the results of training the Vanilla Vision Transformer (ViT) [8] from
scratch with fine-tuning visual masked self-supervised pre-trained models, such as ImageMAE [1] and
VideoMAE [2]. We explored the potential inherent preference of the visual masked self-supervised
pre-trained model for label position or encoding methods during downstream classification fine-tuning.
To address this, we proposed a classification label position ranking algorithm, Label Ranker. It is
based on unsupervised feature clustering using Linear Discriminant Analysis (LDA) [9] and Euclidean
distance. This approach aims to reduce instability caused by random label initialization, thereby
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enhancing the robustness of fine-tuning across different label position encoding methods. Through
experiments on CIFAR-100 [10], UCF101 [11], and HMDB51 [12], we validated the effectiveness of
Label Ranker in stabilizing label position encoding and improving fine-tuned performance for the
visual self-supervised model. The main contributions of this study are as follows:

• Revealing inherent preferences of the visual masked self-supervised pre-trained model for classifi-
cation label position encoding methods, providing new research directions for future fine-tuning
strategies.

• Proposing a computationally efficient unsupervised label position ranking method, offering a
novel optimization strategy for downstream transfer in self-supervised learning.

• Advancing stability research in self-supervised learning for downstream tasks, providing theoret-
ical support and practical guidelines for more efficient and robust fine-tuning methods.

• Conducting extensive experiments on ImageMAE [1] and VideoMAE [2] pre-trained models,
covering CIFAR-100 [10], UCF101 [11], and HMDB51 [12] public datasets, demonstrating the
effectiveness of the proposed method in stabilizing label position encoding and improving fine-
tuned performance for visual self-supervised models.

2. Related Work
2.1. Self-Supervised Learning

In recent years, self-supervised learning [13] has achieved remarkable progress in computer vision
tasks. The core idea is to pre-training the model on unlabeled data to learn general feature representa-
tions, which can then be fine-tuned with a small amount of labeled data to enhance performance on
downstream tasks. In particular, visual masked self-supervised pre-trained models (e.g., ImageMAE
[1] and VideoMAE [2]) leverage the masked reconstruction task to learn both global and local features.
After pre-training on large-scale unlabeled datasets, these models exhibit superior generalization capa-
bilities in tasks such as image and video classification. When transferring to downstream classification
tasks, fully supervised fine-tuning is usually adopted, that is, where the pre-trained model is optimized
using labeled data.

However, despite keeping the pre-trained model’s initial weights unchanged, the different posi-
tion encoding schemes of classification label can still influence the final fine-tuned results. Previous
studies [5] have indicated that the representation of label position can impact the optimization trajectory,
thereby affecting the model’s final performance. Nonetheless, most current research in self-supervised
learning [13] primarily focuses on improving the pre-training phase, with relatively little attention
given to how label encoding impacts fine-tuning. This gap presents a new research direction that our
study aims to explore.

2.2. Label Position Encoding

During the training of deep neural networks, classification labels are typically represented using
one-hot encoding, where each class is assigned a unique fixed index. Although one-hot encoding
itself does not explicitly encode relationships between categories, its assigned order may influence
the optimization process and final model performance to some extent. Previous studies [7] have
shown that in classification tasks, the ranking of label position can affect the gradient propagation path,
thereby impacting optimization convergence and stability. This effect may be even more pronounced
when visual masked self-supervised pre-trained models (e.g., ImageMAE [1] and VideoMAE [2]) are
transferred to downstream tasks. Since the feature representations learned by the self-supervised model
are not explicitly tied to fixed classification labels, the initialization encoding method of classification
label position during fine-tuning may influence the optimization trajectory differently, potentially
leading to significant performance fluctuations. For instance, when fine-tuning on the same dataset
with different one-hot encoding orders, the final classification accuracy can vary by more than 10%,
suggesting that the model may have an inherent preference for label position ranking. However,
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current research primarily focuses on model architectures and optimization algorithms, with limited
systematic exploration of how label position encoding affects model transferability.

Figure 2. Label Ranker Processing: LDA [9] is used to reduce the dimension of features into 1-D and map them to
the linear projection panel.

2.3. Linear Discriminant Analysis

LDA [9] is a classic dimensionality reduction and classification method widely used in pattern
recognition, data analysis, and feature extraction tasks. The core idea is to maximize between-class
variance while minimizing within-class variance to learn an optimal projection direction, thereby
enhancing the separability between different classes. In many computer vision tasks, LDA [9] has
been employed for dimensionality reduction, feature extraction, and data visualization, improving
the model’s understanding of class distributions. In this study, we leverage LDA [9] for 1-D feature
clustering and propose a novel label ranking method to mitigate the impact of randomly initialized
label position encoding on the optimization trajectory during fine-tuning. Since the self-supervised
pre-trained model may exhibit an inherent preference for certain label position arrangements when
fine-tuned on downstream tasks, traditional one-hot encoding can lead to significant performance
fluctuations when the same dataset is fine-tuned under different experimental label position settings.
To stabilize label position encoding, we project data features using LDA [9] and calculate the similarity
of categories based on Euclidean distance. This enables a more structured label ranking, ensuring that
similar classes are positioned closer together in the encoding space.

3. METHOD
3.1. Problem Definition

In both supervised learning and self-supervised learning fine-tuning stages, classification tasks
typically represent class labels using one-hot encoding. For a dataset with N classes, each class y is
encoded as the N-dimensional one-hot vector ey where the y-th position is set to 1, while all other
positions are 0:

ey = [0, 0, ..., 1, ..., 0] (1)

Where 1 appears only at the index corresponding to class y.
However, during actual training, the index positions of class labels are not fixed but are randomly

assigned at the beginning of each experiment. For example, for the same training dataset, class A
may be encoded as e1 in one training session but as e5 in another. This phenomenon, known as Label
Assignment Randomization, means that across different experiments, the label index position assigned
to the same class may vary, leading to changes in label encoding order.

While different label assignments do not alter the actual data distribution, they may impact the
optimization process during deep neural network training. Since the model learns mapping relation-
ship between features and labels through gradient-based optimization, variations in label assignment
may lead to changes in optimization trajectories, differences in model parameter convergence, and
fluctuations in model performance.
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3.2. LDA Projection

To effectively address the instability issues brought by label assignment randomization during
model fine-tuning, this study proposes a classification label position ranking method based on LDA [9],
Label Ranker. This method leverages the dimensionality reduction and class discriminative capabilities
of LDA [9] to achieve reasonable label ordering through 1-D feature clustering, optimizing label
position encoding and reducing the impact of random label initialization on the optimization trajectory
and model performance. As shown in Figure 2, the input data is transformed into 1 × d feature tokens
X using the visual masked self-supervised pre-trained model. The LDA [9] algorithm is then employed
to reduce the dimensionality of the feature map onto the linear projection plane, forming 1-D data
feature points X′ for each class.

The main steps of LDA [9] involve calculating the within-class scatter matrix Sw and the between-
class scatter matrix Sb, as well as determining the optimal projection matrix w that maximizes class
separability. The mathematical expressions for these calculations are as follows:

Sw =
N

∑
i=1

Si =
N

∑
i=1

∑
x∈Xi

(x − µi)(x − µi)
T (2)

µi =
1

Mi
∑

x∈Xi

x (3)

Sb =
N

∑
i=1

Mi(µi − µ)(µi − µ)T (4)

S−1
w Sbw = λw (5)

Where N is the total number of classes, Xi represents the feature sample set of the i-th class, x is
the feature point belonging to class Xi, µi is the mean feature vector of the i-th class, µ is the global
mean feature vector, and Mi is the number of feature samples in class Xi.

Algorithm 1 Label Ranker Algorithm
Input: X
Parameter: N
Output: Y

1: Calculate the within-class scatter matrix Sw
2: Calculate the between-class scatter matrix Sb
3: Solve for the optimal projection matrix w
4: Project to the optimal direction X′ = Xw
5: Select minimum feature mean class as ci
6: while j ⩽ N do
7: Calculate the Euclidean distance dij
8: end while
9: Label position similarity ranking Y

10: return Y

3.3. Similarity Ranking

In this study, the Euclidean distance dij is used to measure the similarity between different
categories and serves as the basis for label position ranking. By computing the feature representations
of categories after LDA [9] projection, we quantify the similarity between each class using the Euclidean
distance. Specifically, we calculate the Euclidean distance between the projected feature vectors of
each class, where more similar classes should exhibit smaller distances in the label space. Based
on the computed class similarities, we adopt an unsupervised sorting method to reorder the label
position according to their similarity scores, denoted as Y. Through this structured ranking, the label
assignment becomes more systematic and stable, ensuring that similar classes are assigned to adjacent
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positions. This approach mitigates the instability introduced by random label position initialization,
enhancing the robustness of fine-tuning. The Label Ranker procedure is outlined in Algorithm 1.

Finally, the Euclidean distance is employed to measure the distance between different class feature
vectors in the LDA [9] projected space. The higher the similarity between two classes, the smaller the
Euclidean distance between their feature vectors; conversely, the greater the difference between classes,
the larger the Euclidean distance. Based on the calculated Euclidean distance dij, the class similarity
ranking yields Y. Classes with smaller distances are considered more similar in the LDA [9] space and
are therefore assigned closer positions in the label encoding space. Following the similarity ranking,
label positions are sorted in ascending order based on Euclidean distance, as illustrated in Figure 3.
Consequently, labels of similar classes are assigned adjacent positions, while dissimilar classes are
placed further apart. The mathematical formulation for similarity calculation is as follows:

dij = d(Vci , Vcj) =

√
m

∑
k=1

(vi,k − vj,k)2 (6)

Where, Vci and Vcj are the feature vectors of the classes ci and cj in the LDA [9] space, and m is
the dimension in the LDA [9] space, that is, the number of samples in each class.

4. Experiments
4.1. Datasets
4.1.1. CIFAR-100 [10]

It is a widely used image classification dataset, playing a significant role in image classification,
feature extraction, and deep learning model evaluation, particularly in the field of computer vision.
Released by the Canadian Institute for Advanced Research (CIFAR), this dataset consists of 100 distinct
classes, making it suitable for various vision tasks such as image classification and object recognition.
The dataset contains 60,000 color images with a resolution of 32×32 pixels, which are evenly distributed
across 100 classes. Each class includes 600 images, with the dataset being split into 50,000 training
images and 10,000 test images.

Figure 3. Classification Label Sequence. Calculate the centroid and Euclidean distance of various one-dimensional
feature points for position ranking.

4.1.2. UCF101 [11]

It is a video dataset widely used for action recognition tasks, released by the University of Central
Florida. It comprises 101 distinct action classes, covering a diverse range of daily activities such as
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sports, dancing, and social interactions. As a benchmark dataset in action recognition, UCF101 [11] is
extensively utilized for evaluating video analysis, feature learning, and deep learning models. The
dataset consists of 13,320 video clips, categorized into 101 different action classes. Each class contains
multiple video clips, which are divided into training and testing sets. The duration of each video clip
typically ranges from a few seconds to several minutes. The videos are provided at a resolution of
320×240 pixels with a fixed frame rate of 25 Frames Per Second (FPS).

4.1.3. HMDB51 [12]

It is a widely used video dataset for human action recognition research, released by Brown Uni-
versity of Providence. It comprises 51 action classes, encompassing a diverse range of daily activities
and complex motion types. The extensive use of the HMDB51 [12] dataset has significantly contributed
to advancements in video understanding, action recognition, and computer vision. Notably, it serves
as a benchmark dataset for evaluating video classification models, particularly in deep learning and
self-supervised learning research. The dataset consists of 6,766 video clips, categorized into 51 distinct
action classes, with each class containing approximately 100 video clips. The dataset is split into
training and testing sets. The videos are provided at a resolution of 320×240 pixels, with a typical
frame rate of 30 FPS. The duration of each video clip ranges from a few seconds to several tens of
seconds. The video clips originate from various public sources, including movies, TV shows, YouTube
videos, and other online platforms.

4.2. Implementation Details
4.2.1. Pre-Training

In this experiment, we fine-tuned the pre-trained models based on ImageMAE-Base-ImageNet-
1k [1] and VideoMAE-Base-K400 [2], which were pre-trained using masked visual self-supervised
learning on the ImageNet-1k [14] and Kinetics 400 [15] datasets. ImageNet-1k [14] is a large-scale
image dataset containing 1,000 object classes, while Kinetics 400 [15] is a large-scale video dataset
covering 400 human action classes. These datasets encompass a diverse range of real-world object
classes and human activities, making them widely used for vision tasks such as semantic segmentation,
video understanding, and action recognition. ImageMAE [1] and VideoMAE [2], as visual masked
self-supervised pre-training methods, enable models to learn effective representations from unlabeled
data, making them well-suited for fine-tuning in downstream tasks.

4.2.2. Fine-Tuning

During the fine-tuning phase, we conducted downstream classification tasks on the CIFAR-100
[10], UCF101 [11], and HMDB51 [12] datasets. The fine-tuning process was performed using Google’s
V2-8 TPU with high memory configuration, with the batch size of 64 and the initial learning rate of
5e-4. The learning rate schedule followed a combination of Warm-Up and Cosine Annealing [16],
where the total number of training epochs was 100, and the Warm-Up phase lasted for 5 epochs. We
utilized the AdamW [17] optimizer with the weight decay of 0.05. The loss function employed was
Sparse Categorical Crossentropy, and the evaluation metric used was Sparse Categorical Accuracy.

4.2.3. Algorithm Strategy

The objective of this experiment is to investigate the impact of random label position initialization
on fine-tuning results and to validate whether our proposed classification label position ranking
method, based on the unsupervised feature clustering using LDA [9] and Euclidean distance, can
effectively mitigate the influence of label randomness on the optimization path, thereby enhancing
the stability and performance of fine-tuning. By comparing the results of the Vanilla ViT-B [8] model
trained from scratch and fine-tuned visual masked self-supervised pre-trained model, we aim to
analyze the potential effect of label position order on the fine-tuning performance of the visual masked
self-supervised pre-trained model and evaluate whether our proposed Label Ranker method can
effectively address this issue.
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Table 1. Compare the results of the Vanilla ViT-B [8] model trained from scratch and the ImageMAE [1] pre-trained
model fine-tuned on CIFAR-100 [10].

Model from scratch Pre-trained Data Label State Accuracy

Vanilla ViT-B [8]

✓ - Sequence 50.25%
✓ - Random 50.23%
✓ - Random 50.22%
✓ - Random 50.22%
✓ - Random 50.24%
✓ - Random 50.25%
✓ - Random 50.23%
✓ - Random 50.25%

Avg. - - - 50.24%

ImageMAE [1]

× ImageNet-1k [14] Sequence 88.27%
× ImageNet-1k [14] Random 87.64%
× ImageNet-1k [14] Random 78.35%
× ImageNet-1k [14] Random 91.59%
× ImageNet-1k [14] Random 83.47%
× ImageNet-1k [14] Random 86.10%
× ImageNet-1k [14] Random 80.93%
× ImageNet-1k [14] Random 82.71%

Avg. - - - 84.88%

× ImageNet-1k [14] Label Ranker 90.82%
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4.3. Results
4.3.1. Ablation Study

In this experiment, as presented in Table 1, we compared the results of training the Vanilla ViT
[8] model from scratch with the fine-tuning results of the ImageMAE [1] pre-trained model on the
CIFAR-100 [10] dataset to evaluate the impact of label position initialization randomness on fine-
tuning performance. We conducted one experiment with letter sequential label position and seven
experiments with random label position, testing the model’s performance under different initialization
label position conditions. The performance of the ImageMAE [1] model during fine-tuning was found
to be unstable after pre-trained. Specifically, under the conditions of pre-training on the ImageNet-1K
[14] dataset, we observed that label position random initialization significantly affected the fine-tuning
outcomes. For instance, in these eight trials, the accuracy of the ImageMAE [1] model fluctuated
between 78.35% and 91.59%, indicating that random label position initialization has a substantial
impact on the optimization trajectory and final performance. Different random initializations may
lead the model to converge to different local optima, resulting in considerable variations in fine-tuned
outcomes.

In contrast, the Vanilla ViT-B [8] model demonstrated more stable performance when training
from scratch. The Vanilla ViT-B [8] without pre-training maintained a stable average performance
around 50.24% on CIFAR-100 [10]. The accuracy fluctuated between 50.22% and 50.25% across the eight
random trials. To mitigate the self-awareness preference introduced by the ImageMAE [1] pre-trained
model, we employed our proposed label position ranking scheme to preferentially order the label
position, resulting in a higher and more stable fine-tuning outcome of 90.82%. This result exceeds the
average accuracy 84.88% of the random label position trials by 5.94%, demonstrating that the proposed
method effectively mitigates the substantial fluctuations in fine-tuning results of the pre-trained model.

Tables 2 and 3 present the results of training the Vanilla ViT-B [8] from scratch and fine-tuning
VideoMAE [2] pre-trained model on the UCF101 [11] and HMDB51 [12] datasets. We observed that
fine-tuning the VideoMAE [2] pre-trained model after ranking the classification label position using
the Label Ranker algorithm yielded more stable results, with outperforms the average accuracy of
random label position by 3.48% (86.02% vs. 89.50%) and 1.4% (59.78% vs. 61.18%) respectively. The
LDA [9] method enhances the separability between classes, resulting in a more organized distribution
of labels in the feature space. Compared to randomly assigned label position, the LDA [9] ranking
facilitates a more compact class distribution in the label space, contributing to the stability of the
optimization process. The unsupervised nature of LDA [9] allows it to rank label positions based on
input features without relying on labeled data. Therefore, the Label Ranker provides a structured
ranking method during random label position initialization, mitigating the negative effects of label
ranking randomization.
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Table 2. Compare the results of the Vanilla ViT-B [8] model trained from scratch and the VideoMAE [2] pre-trained
model fine-tuned on UCF101 [11].

Model from scratch Pre-trained Data Label State Accuracy

Vanilla ViT-B [8]

✓ - Sequence 51.43%
✓ - Random 51.40%
✓ - Random 51.42%
✓ - Random 51.38%
✓ - Random 51.42%
✓ - Random 51.41%
✓ - Random 51.39%
✓ - Random 51.40%

Avg. - - - 51.41%

VideoMAE [2]

× Kinetics 400 [15] Sequence 86.93%
× Kinetics 400 [15] Random 88.12%
× Kinetics 400 [15] Random 86.93%
× Kinetics 400 [15] Random 81.78%
× Kinetics 400 [15] Random 88.02%
× Kinetics 400 [15] Random 86.34%
× Kinetics 400 [15] Random 81.68%
× Kinetics 400 [15] Random 88.32%

Avg. - - - 86.02%

× Kinetics 400 [15] Label Ranker 89.50%

On the other hand, the Vanilla ViT-B [8] model exhibited stable performance on the UCF101 [11]
and HMDB51 [12] datasets compared to the fine-tuning results of the visual masked self-supervised
pre-trained model. The results on UCF101 [11] fluctuated between 51.38% and 51.43%, while the
performance on HMDB51 [12] ranged from 18.09% to 18.13%, both indicating minimal performance
variation. In contrast, the performance fluctuations of the VideoMAE [2] pre-trained model with
random label ranking fine-tuning were 6.64% (81.68% vs. 88.32%) and 8.24% (55.88% vs. 64.12%)
respectively.
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Table 3. Compare the results of the Vanilla ViT-B [8] model trained from scratch and the VideoMAE [2] pre-trained
model fine-tuned on HMDB51 [12].

Model from scratch Pre-trained Data Label State Accuracy

Vanilla ViT-B [8]

✓ - Sequence 18.13%
✓ - Random 18.09%
✓ - Random 18.10%
✓ - Random 18.11%
✓ - Random 18.09%
✓ - Random 18.10%
✓ - Random 18.12%
✓ - Random 18.11%

Avg. - - - 18.11%

VideoMAE [2]

× Kinetics 400 [15] Sequence 57.45%
× Kinetics 400 [15] Random 60.39%
× Kinetics 400 [15] Random 61.18%
× Kinetics 400 [15] Random 64.12%
× Kinetics 400 [15] Random 57.25%
× Kinetics 400 [15] Random 60.00%
× Kinetics 400 [15] Random 55.88%
× Kinetics 400 [15] Random 61.96%

Avg. - - - 59.78%

× Kinetics 400 [15] Label Ranker 61.18%

4.3.2. Performance Analysis and Limitations

Based on the analysis of the experiments presented above, the Label Ranker method exhibits
lower computational complexity compared to techniques such as adversarial training [6] or consistency
regularization [7], making it suitable for large-scale datasets. LDA [9] primarily performs feature trans-
formation through matrix operations, which incurs significantly less computational burden than other
methods. By optimizing label ranking, the Label Ranker enhances the stability of model performance
during the fine-tuning phase, reducing fluctuations caused by label position randomization. Addi-
tionally, the Label Ranker improves the generalization capability of the visual masked self-supervised
pre-trained model in downstream tasks, thereby increasing the fine-tuned accuracy.

However, while the Label Ranker offers an effective label ranking methodology, it also has certain
limitations. The performance of the Label Ranker relies on linear relationships between features, and
in the context of complex nonlinear data distributions, it may not adequately capture the nonlinear
relationships between classes. Therefore, future research could explore the integration of nonlinear
dimensionality reduction techniques such as t-SNE [18], PCA [19], or deep learning methods to further
enhance the performance of the Label Ranker in high-dimensional complex data.

5. Conclusions and Future Work
5.1. Conclusions

This study investigates the impact of classification label position encoding on the fine-tuning
process of the visual masked self-supervised pre-trained model, particularly focusing on the effects
of random label position initialization on fine-tuning outcomes. Through experiments conducted
on datasets such as CIFAR-100 [10], UCF101 [11], and HMDB51 [12], the results demonstrate that
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random initialization of label positions significantly affects the fine-tuning results of the pre-trained
model. Label ranking randomization leads to instability in the model’s optimization path, resulting in
performance fluctuations. To address the instability issues arising from label position randomization,
we propose a classification label position ranking algorithm based on LDA [9] and Euclidean distance,
Label Ranker. Experimental results validate that this approach effectively mitigates the impact of
label ranking randomness on the optimization path, further enhancing the stability and fine-tuning
performance of the model. This not only confirms the self-awareness preference of visual masked
self-supervised pre-trained model towards the label position but also indicates that maintaining
consistency in preferences can contribute to performance improvements.

5.2. Future Work

While the Label Ranker method effectively reduces the randomness associated with label initial-
ization, there remains significant potential to explore more efficient label ranking strategies. Specifically,
in large-scale multi-class tasks, a crucial direction for future research will be how to further stabilize
label position encoding while ensuring computational efficiency. The label position random initializa-
tion previously employed still relies on one-hot encoding. Future work could consider introducing
more sophisticated label encoding methods based on task characteristics, such as semantic-aware
label embeddings including Word2Vec [20], GloVe [21], to enhance the model’s sensitivity to label
positioning and minimize interference during the fine-tuning process.
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