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Abstract: Data trading platforms play a crucial role in facilitating data circulation and promoting
the sustainable allocation of data resources. Establishing a transparent, fair, and efficient pricing
mechanism is key to ensuring the long-term stability and development of such platforms. However,
these platforms face challenges in pricing due to the small sample problem, as traditional machine
learning methods typically rely on large amounts of data. To address this issue, this paper proposes a
data resource pricing model that combines WGAN-GP data augmentation and the Reptile algorithm.
Data augmentation generates related datasets to increase sample size, enhancing the renewability of
data resources, while meta-learning transfers knowledge across tasks, improving the model’s ability to
quickly adapt to new tasks and efficiently utilize resources. Validation using actual trading data from
the data trading platform shows that the proposed model accurately predicts data resource prices
under small-sample conditions, outperforming other models. This study addresses the limitations
of existing pricing methods in small-sample scenarios, providing a sustainable pricing solution for
small-sample data resources and improving the accuracy and long-term stability of data pricing in
the market.

Keywords: small sample; data price; reptile algorithm; WGAN-GP

1. Introduction

In the digital deconomy, data integrates with conventional production factors to
enhance efficiency and drive growth. Effective data pricing is crucial for the marketization
of data elements [1], yet privacy concerns [2] and data silos [3] necessitate transactions to
unlock value. The market transaction of data elements serves as the foundation for the
value extraction and creation of data elements, effectively improving resource allocation
and production efficiency [4]. The bilateral market facilitated by data trading platforms
overcomes the high matching costs and fragmented demand–supply dynamics of unilateral
markets [5]. By consolidating, presenting, and disseminating information, these platforms
expand consumer access to product details [6]. For effective marketization, data trading
platforms must address operational barriers to improve the allocation of data elements [7].

Constructing an acceptable, efficient, and fair data pricing mechanism is paramount to
enhancing data circulation and sharing [8]. Such a mechanism ensures platform stability [9],
attracts more participants, enriches offerings, and scales up the data market. However,
inconsistent data resource valuation and pricing approaches across platforms, coupled
with inadequate standards and norms, lead to incomplete content, non-standard formats,
and inconsistent calibrations in data transactions [10].

The complexity of data transactions in multilateral markets is exacerbated by in-
complete rights, pricing, and trading systems, resulting in low trading volumes on data
element platforms [11]. Moreover, the limited diversity and quality of data hinder pat-
tern revelation [12]. Traditional statistical or rule-based methods are inadequate for
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high-dimensional relationships, while machine learning offers robust solutions but re-
quires large datasets, posing challenges in small-sample scenarios due to overfitting, poor
generalization, and instability.

To address small-sample issues, we propose a combined approach using WGAN-GP
for generating synthetic data and the Reptile algorithm for meta-learning. This synergy
not only expands a dataset but also enables effective cross-task learning, improving model
generalizability under sparse data conditions. Our method, validated on Guoxin Youyi’s
data trading platform, outperforms alternatives in price prediction accuracy.

The main contributions of this paper are as follows:
A comprehensive framework for data resource pricing, based on data enhancement

methods and meta-learning technology, is proposed and validated. WGAN-GP is em-
ployed to generate high-quality virtual samples, diversifying and expanding small-sample
datasets while alleviating model training difficulties. The algorithm enhances the model’s
adaptability and robustness, promotes rapid convergence and efficient learning, and im-
proves its ability to adapt to the fluctuating market demands of new datasets and data
trading platforms. This innovative integration of technologies not only overcomes the
model training difficulties caused by small-sample data but also significantly improves
data pricing accuracy, addresses the shortcomings of existing pricing methods under small-
sample conditions, and offers an effective solution to the technical challenges faced by data
trading platforms.

2. Literature Review
2.1. Pricing Issues on Data Trading Platforms

Policymakers are urged to refine asset evaluation and pricing guidelines, establishing a
revenue distribution and incentive framework pertinent to data resources [13]. Nonetheless,
China’s data element marketization is still evolving, facing a confluence of challenges
that result in insufficient data demand, depressed trading activities, and subpar market
capabilities on current data trading platforms [7].

The functionality of some data trading platforms is relatively simple, and high trans-
action costs result in insufficient trading volume [14]. Inadequate legal frameworks and
regulations in the data trade sector mean that many online data sources remain untapped
due to unclear property rights, leaving unmet market needs [15]. Privacy and security
concerns deter data owners from sharing their private data, creating numerous data silos
that prevent full data utilization [12].

The lack of clear data property rights and legal guarantees for privacy and security
protection has led to low trust among data owners [12,16], making them cautious about
transactions and resulting in limited tradable data on data trading platforms. A lack
of standardized interoperability between platforms exacerbates the situation; data for-
mats, interfaces, and interaction methods vary widely, impeding data sharing and trading
across platforms [15]. Legal, regulatory [16], and interoperability obstacles collectively [15]
constrain the quantity of data available on trading platforms.

2.2. The Small Sample Problem

In practical applications, it is often expensive or difficult to obtain a large number
of high-quality annotated data [12], resulting in many scenarios where only small-scale
datasets can be used for model training [17]. Traditional machine learning models face the
following major challenges when dealing with small-sample problems: First, the model
has difficulty learning effectively from limited samples, leading to an increased risk of
overfitting [18]. Second, data scarcity can lead to insufficient generalization of models to
accurately predict new data [19]. Finally, small-sample data usually cannot provide enough
diversity and representativeness to affect the stability and predictive performance of the
model [20,21].

Current research on small-sample learning primarily explores three dimensions:
data, models, and optimization algorithms. Data-centric approaches augment experience
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through samples and feature information. Model-focused strategies reduce the hypothesis
space through structure and parameter design. Optimization-oriented methods enhance
the probability of finding the optimal hypothesis by modifying search strategies within
a given hypothesis space. Small data volumes predominantly impact the accuracy and
stability of feature selection during the process. While algorithmic improvements to hyper-
parameter settings have limitations [22], data augmentation techniques offer an effective
means to expand datasets and improve feature selection precision and stability [23].

Data augmentation diversifies datasets without additional sampling costs, preventing
overfitting and enhancing the value of small datasets [24]. GANs train two adversarial
models concurrently; a generator network creates artificial data by capturing the original
data distribution from noise, while a discriminator network learns to distinguish generated
from real data [25].

However, standard GANs suffer from training instability, mode collapse, and diffi-
culty in evaluation [26,27], hindering the generator’s ability to learn diverse data distri-
butions [27]. Gulrajani et al. introduced WGAN-GP, substituting the KL divergence with
the Wasserstein distance and applying gradient penalties to enforce Lipschitz constraints
on the loss function [28]. WGAN-GP’s robust critic models the underlying distribution by
penalizing the model when the gradient norm deviates from the target norm [29].

Most existing small-sample learning methods rely on single data augmentation or
transfer learning techniques. Integrating different small-sample learning methods could be
beneficial, addressing issues from both data and model perspectives [30]. Meta-learning,
exemplified by model-agnostic MAML [31] and Reptile [32] algorithms, enables quick
adaptation to new tasks through cross-task training. MAML, despite its successes, requires
computationally expensive second-order derivatives for updates. The Reptile algorithm
simplifies meta-updates with a more straightforward formula, improving MAML’s compu-
tational efficiency [33–35]. Its effectiveness has been demonstrated across various problems.

3. Pricing Model for Small-Sample Data
3.1. WGAN-GP
3.1.1. Generator–Discriminator Design

GAN simultaneously trains a generator, which aims to capture data distribution,
and a discriminator, which estimates the probability that a given sample comes from real
data [36]. It applies the concept of the zero-sum game from game theory, viewing the
generator and discriminator as two competing players. Through a dynamic game process
between them, the underlying distribution of real data is analyzed, and a model capable of
generating data resembling the real data is constructed. The generator’s goal is to learn
the real data distribution and produce samples that closely resemble real ones to evade
the discriminator’s detection [17,37]. During training, the generator learns to improve
the quality of generated data such that it becomes indistinguishable from real data for
the discriminator. It does this by minimizing the Wasserstein distance between real and
generated data distributions. On the other hand, the discriminator’s goal is to determine
whether the input data are real or generated, and its output is the probability that the data
are real. The discriminator maximizes the Wasserstein distance between real and generated
data by assigning lower scores to synthetic samples and higher scores to real samples. The
generator and discriminator, both neural networks, are alternately trained to enhance their
abilities until the generated samples are indistinguishable from the real ones. The general
GAN objective function is shown in the following equation:

minGmaxDV(D, G) = Ex∼Pdata(x)
[lnD(x)] + Ez∼Pz(z)

[ln(1 − D(G(z)))] (1)

The generator is denoted as minGV(D, G), and the discriminator is denoted as
maxDV(D, G). During the GAN training process, the discriminator model D is first opti-
mized to maximize the probability that data come from real samples while minimizing
the loss for the generator model G. Through alternating operations, G is fixed, and D is
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optimized to maximize the discriminator’s probability. Then, D is fixed, and G is optimized
to minimize the discriminator’s probability, leading to a stable Nash equilibrium.

When the input data are sampled from the real sample x, the goal of the discriminator D is
to make the output probability D(x) approach 1. The optimization formula is as follows:

maxDV(D, G) = Ex∼Pdata(x)
[lnD(x)] + Ez∼Pz(z)

[ln(1 − G(D(z)))] (2)

Next, G is optimized so that the generated sample is closer to label 1 of the real sample.
When the input comes from the generated sample G(z), the goal of D causes D(G(z)) to
approach 0. The optimization formula is as follows:

minGV(D, G) = Ez∼Pz(z)
[ln(1 − G(D(z)))] (3)

In conclusion, our aim is to maximize V(D) and minimize V(G). After iterative
training, the network parameters of D and G are constantly updated. When the Nash
equilibrium is reached, D cannot accurately distinguish between generated samples and
real samples. However, GAN networks commonly face two issues: gradient disappear-
ance during training and the confusion of optimization objectives. This leads to un-
stable gradients, reduced diversity and accuracy in generated samples, and, ultimately,
model collapse.

3.1.2. Structure of the WGAN-GP Model

WGAN-GP (Wasserstein Generative Adversarial Network with Gradient Penalty) is a
variant of GAN designed to improve training stability through the use of the Wasserstein
distance and gradient penalties. Its primary goal is to create new and unique data that
capture the internal features and distributions inherent in the original data.

(1) Wasserstein Distance

During GAN training, issues such as mode collapse and instability can
arise [25–27]; the generated samples become too unconstrained and difficult to con-
trol, making it hard to focus on specific target samples [37]. To address the problems
inherent in GAN model training, Arjovsky et al. introduced the Wasserstein GAN
(WGAN), which utilizes the distance between the probability distributions of real and
generated samples rather than the discriminator’s objective function [38]. The Wasser-
stein distance is employed to measure the dissimilarity between the generated and
real distributions. Compared to the JS divergence or KL divergence used in traditional
GANs, the Wasserstein distance is more stable, especially when there is little overlap
between distributions.

The target loss function for WGAN is given by the following formula:

Losscritic = maxw∈WE(X∼p(r))[fw(X)]− E(z−P(Z))[fw(gθ(Z))] (4)

where Losscritic stands for discriminator loss, gθ is the optimal parameter, and if gθ satisfies
the Lipschitz condition, then K is the Lipschitz constant of the function f :

|f(X1)− f(X2)| ≤ K|x1 − x2| (5)

(2) Gradient Penalty

Although WGAN can achieve stable training by leveraging the Wasserstein distance,
it still encounters challenges related to generating subpar samples and failing to converge
to the target function. These difficulties stem from the Lipschitz constraint on the WGAN
critic’s loss. In WGAN, to enforce the Lipschitz constraint, the discriminator’s weights are
clipped to lie within a compact space [−r, r], where r is a constant. The critic attempts to
distinguish between real and generated samples, concentrating its parameter distribution at
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the two extremes of maximum and minimum values, i.e., r and −r. Consequently, WGAN
often becomes stuck in poor regimes and struggles to learn.

To alleviate this issue, Gulrajani et al. proposed WGAN-GP, which incorporates
gradient penalties to augment the clipping of weights. The primary aim of the gradient
penalty term is to ensure that the discriminator is Lipschitz continuous. Lipschitz continuity
is a mathematical property indicating that the slope of a function has an upper bound across
its domain. By introducing gradient penalties, WGAN-GP can better meet the optimization
objective of the Wasserstein distance during training, enhancing the stability of both the
generator and the discriminator.

The loss function for WGAN-GP is defined as follows:

L = Ezpz(z)
[D(Gθ(Z))]− ExPr(x)[D(x)] + λEx̂Px̂(x̂)

[(
∥ ∇x̂DθD(x̂) ∥

)]
(6)

where Pr is the real data distribution, and Pg is the generated distribution.
Gulrajani et al. demonstrated that WGAN-GP outperforms alternative methods such

as Least Squares GAN (LSGAN), Deep Convolutional GAN (DCGAN), and vanilla WGAN
in terms of model performance and stability [29]. The overall architecture of the WGAN-
GP model in this paper includes a preprocessing module, a generator, and a CNN-based
discriminator, as depicted in Figure 1.
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3.2. Reptile Algorithm
Implementation of the Reptile Algorithm

The core idea of meta-learning is “learn to learn”, and a meta-model is trained through
cross-task learning so that the model can quickly adapt to new tasks through a small
number of gradient updates. MAML [32] and Reptile [33] are two classical methods for
solving small-sample classification problems using meta-learners. Finn et al. [32] proposed
model-independent meta-learning (MAML), which trains a set of initialization parameters
with few update steps so that new tasks can be quickly adapted with only a small amount
of labeled data. Similar to MAML, the key goal of the Reptile algorithm is to learn a set of
initial model parameters, θ, that can be quickly adapted to new tasks with a small number
of update steps. At the same time, the complicated second derivative calculation is avoided,
which makes the algorithm more efficient.

The Reptile algorithm performs two steps alternately: an inner loop update and an
outer loop update. First, a pricing task is randomly sampled, and the basic pricing model
is trained using the training set for this task. Multi-step Stochastic Gradient Descent (SGD)
is performed k times on the current task to obtain temporary parameters. Then, the model
parameters are updated based on the difference between the previous model parameters
and the results of multi-step SGD. The above steps are repeated iteratively to update the
model parameters. Through this process, the model can learn features and knowledge
related to the current task. The detailed process for each step is as follows:

First of all, the model initialization θ is set to random values, which will be adjusted
iteratively during the training process. Then, a task Ti is randomly sampled from the task
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distribution p(T ). For each task Ti, the model performs k steps of gradient descent on
the training data of this task to update the model parameters. The gradient step size k
is determined by the batch training size BM and the training step EM, and the accuracy
and efficiency of the network are weighed by adjusting the step size. This step is akin to
independently training the model for each task.

The inner loop update process is as follows: start with the model parameters θ, and
compute the loss LTi(θ) on the task Ti’s training data. Update the model parameters θ via
gradient descent as follows:

θi
′ = θ− α∇θLTi(θ) (7)

Here, α is the learning rate for the inner loop, and ∇θLTi(θ) is the gradient of the
loss with respect to the parameters. After several gradient updates, we obtain task-specific
parameters θi

′.
After completing the inner loop optimization for task Ti, the model’s global parameters

θ are updated. The Reptile algorithm updates the initialization parameters as follows:

θ = θ+ β
(
θi

′ − θ
)

(8)

where β is the meta-learning rate. This formula moves the initialization parameters θ

toward the task-specific parameters θi
′ obtained from task Ti. Repeating this process across

different tasks gradually refines the model initialization.
As shown in Figure 2 below, the algorithm samples tasks from the task distribution

several times and repeats the steps of inner loop update and outer loop update so that the
parameters of the model learn together on multiple tasks so that it can quickly adapt to
new tasks.
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3.3. Design of Model Structure

Multilayer Perceptrons (MLPs) are used to capture correlations among variables. Pre-
vious research has shown that MLP models can reduce unnecessary weight connections by
introducing sparse or local connectivity and implementing weight-sharing strategies. These
approaches significantly decrease the number of parameters, increase the effective data
size, and help prevent overfitting. In this study, the WGAN-GP (Wasserstein Generative
Adversarial Network with Gradient Penalty) network architecture adopted is as outlined
in Tables 1 and 2 below.

Table 1. Structure of the WGAN-GP generator.

Structure Input Layer Output Layer Number of
Nodes

Activation
Function

Input Layer 77 128 128 ReLU
Hidden Layer 1 128 256 128 ReLU
Hidden Layer 2 256 256 256 ReLU
Output Layer 256 1 256 tanh
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Table 2. Structure of the WGAN-GP discriminator.

Structure Input Layer Output Layer Activation
Function

Negative
Activation Slope

Input Layer 77 64 LeakyReLU 0.01
Hidden Layer 1 77 64 LeakyReLU 0.01
Output Layer 32 1

The model employs a Multilayer Perceptron (MLP) structure with three fully con-
nected layers, including batch normalization layers and ReLU activation functions. Batch
normalization speeds up convergence and stabilizes training, while ReLU solves the vanish-
ing gradient issue, boosting the model’s ability to represent complex data. L2 regularization
is applied to control the model’s complexity and prevent overfitting.

The model also employs the Reptile algorithm, which trains across multiple tasks.
After each iteration, the model updates its parameters based on small changes, helping
it adapt quickly to new tasks. This setup reduces training costs for new tasks while
improving adaptability. Batch normalization and L2 regularization further enhance the
model’s generalization, reducing the risk of overfitting. The MLP structure’s flexibility
allows it to be used across various tasks by adjusting the size and number of hidden layers.
The Reptile algorithm’s iterative training with fewer steps lowers computational costs
without sacrificing performance.

The specific process of the data resource pricing prediction method, which combines
data augmentation using WGAN-GP and the Reptile algorithm, is shown in Figure 3.
First, the processed existing data resource features and prices are input into the generator
to enrich the training dataset and enhance the model’s generalization ability. Next, the
data resource features generated by the generator are combined with real data resource
features and input into the discriminator for evaluation. If the discriminator can correctly
distinguish between the real and generated data resource, the generator is encouraged to
produce more realistic data. If the discriminator fails to distinguish them, the final data
resource features are obtained as output.
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The data resource pricing prediction method combines WGAN-GP data augmentation
with the Reptile algorithm. First, processed data resource features and prices are fed
into the WGAN-GP generator, enriching the dataset and improving generalization. The
generated features are then combined with real data and evaluated by the discriminator. If
the discriminator correctly identifies real versus generated data, the generator is adjusted
to produce more realistic data. If it fails, the final data resource features are output.

4. Experiment
4.1. Dataset and Experimental Design

The data used in this study come from the Guoxin Youyi data trading platform. This
paper uses web crawler technology to obtain transaction data information of multiple
industries from this website. The dataset comprises 2179 entries across various industry
categories, including industrial economy, healthcare, transportation and geography, finan-
cial credit, precision marketing, scientific research technology, enterprise management, life
services, industry monitoring, and public opinion monitoring. The diversity of industries
ensures the broad scope and representativeness of the data sources. This diversity allows
the pricing model to be more adaptable and accurate across different application scenar-
ios. It includes data overall score, data scarcity, consistency, application value, structured
degree, quantity, information redundancy, integrity, timeliness, sales, data category, data
label, and 13 other evaluation indicators, as well as data resource prices. The platform
manages scores according to the dual dimensions of rule attributes and application scope
to improve the accuracy of matching. By using the network analysis method, the dynamic
weight distribution scoring model is formed, and the scoring is reliable. By integrating data
from various fields, the pricing model can learn the characteristics and market dynamics of
each industry, enabling more precise pricing for small-sample data. This cross-industry
data fusion provides the model with rich feature information, enhancing its effectiveness
and stability in real-world applications.

In the process of data preprocessing, One-Hot coding is carried out for the “category”
and “label” columns in the classified data. This coding technique converts classification
data into binary vector form, where each possible classification value is represented as a
new binary feature column. The purpose of this step is that machine learning models often
cannot directly process categorical data, so they need to be converted into numerical data
for the model to understand and apply. Second, Box-Cox transformation is applied to the
data in the “price” column. Box-Cox transformation is a statistical method used to adjust
the distribution of data, the main purpose of which is to make the data more normal or
close to normal distribution. The transformation adjusts the form of the transformation by
introducing a parameter, thus processing the non-normal distribution of data and eliminat-
ing the skew of the data. This transformation helps to make the data more consistent with
the assumptions of the linear model, improves the performance of the regression model,
and helps to reduce model prediction errors caused by data skew.

4.2. Evaluation Metrics

In order to evaluate the performance of the proposed model, four different evaluation
indexes are used, namely mean square error (MSE), root mean square error (RMSE), mean
absolute error (MAE), and coefficient of determination (R2). These indicators are calculated
by the following formula:

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (9)

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (10)

MAE =
1
n

n

∑
i=1

|ŷi − yi|
2 (11)
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R2 = 1 − ∑i(ŷi − yi)
2

∑i(yi − yi)
2 (12)

where yi is the actual value, ŷi is the predicted value, and yi and yi are the number of
samples tested. MAE is used to measure the average difference between the intended target
and the predictions generated by the proposed model. MAPE is used as a loss function in
model evaluation due to its intuitive representation of relative errors. RMSE is also used
to assess forecast quality, which reflects the deviation between the reference value and
the estimate. R2 is used to indicate the regression model with its baseline average model
(yi = yi).

4.3. Results and Analysis
4.3.1. Ablation Experiment

To verify the improvement in data resource pricing performance under small-sample
conditions through data augmentation using WGAN-GP and the Reptile algorithm, an
ablation study was conducted. The results of the ablation experiment are shown in Table 3,
where MLP represents the prediction model using only a single Multilayer Perceptron, GAN
refers to the results from the basic generative adversarial network model, and WGAN is the
data resource pricing model based on Wasserstein distance. WGAN-GP introduces gradient
penalty on top of this. WGAN-GP-Reptile is the proposed model that first performs data
augmentation using WGAN-GP, followed by optimization of the MLP prediction model
with the Reptile algorithm. In experiments using GAN, WGAN-GP, and WGAN-GP-Reptile
for data augmentation, 1000 new samples were generated.

Table 3. Results of ablation experiment.

Model MSE RMSE MAE R2

MLP 3.9096 1.9773 1.4882 0.5268
GAN 3.767 1.9409 1.4015 0.6187

WGAN 3.7278 1.9307 1.4174 0.6227
WGAN-GP 3.695 1.9222 1.4241 0.6489

WGAN-GP-Reptile 3.2424 1.8007 1.2545 0.6807

As can be seen from the table, compared to using only data augmentation or only the
Reptile algorithm for training, without combining data augmentation and meta-learning
algorithms, the proposed WGAN-GP-Reptile combined model significantly improves the
performance of the data resource pricing model. The WGAN-GP-Reptile model leverages
the strengths of both WGAN-GP and the Reptile algorithm, resulting in a significant
performance boost, especially in small-sample scenarios.

4.3.2. Comparison with Other Data Enhancement Methods

The authenticity of the generated samples, the probability fitting accuracy, and the
diversity of the samples are all important indicators to evaluate the generation ability of the
model. This paper includes BEGAN, VAE, and WCGAN generation models as reference
objects, evaluates the generation ability of the three generation models, and discusses their
performance in the authenticity of generated samples, probability fitting accuracy, and
sample diversity.

First of all, compared with BEGAN (Figure 4b), VAE (Figure 4c), and WCGAN
(Figure 4d), WGAN-GP (Figure 4a) method has better performance in maintaining sample
authenticity. This can be attributed to the introduction of the gradient punishment mech-
anism in WGAN-GP, which can better maintain the consistency of distribution between
generated samples and real samples, thus producing more realistic samples. Secondly, in
terms of probability fitting accuracy, the three methods all show certain accuracy, especially
in the prediction of price trend. However, compared with BEGAN, VAE, and WCGAN,
WGAN-GP captures the subtle changes and fluctuations in price trends more accurately.
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While maintaining sample diversity, WGAN-GP also pays more attention to the authenticity
of sample generation and probability sub-prediction. This may be related to the use of
gradient punishment and additional parameter constraints, which make the generated
samples more interpretable and predictive.
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4.3.3. The Effect of the Reptile Optimization Algorithm

To verify the effectiveness of the Reptile optimization algorithm, we conducted exper-
iments on a dataset expanded by 100 samples using the WGAN-GP model. Predictions
were made using the original CNN, RNN, and MLP models, as well as the same models
optimized with the Reptile algorithm. The evaluation values before and after optimization
for the three models are shown in Figure 5.

The R2 comparison results before and after model optimization are shown in Figure 5.
The prediction performance of all models improved after optimization with the Reptile
algorithm, although the degree of improvement varied. Specifically, the Reptile algorithm
improved the CNN model by only 0.11%, this may be because CNN models typically
contain a large number of parameters and complex convolutional operations. Simply
improving the initialization parameters has a relatively limited impact on performance
since CNNs rely more on fine feature extraction and deep structure optimization with
multiple layers of convolutions. Reptile’s global optimization effect may not fully leverage
its advantages in this context. The RNN models have fewer parameters, by 2.54% compared
to CNNs, and their architecture is more sensitive to the initialization of parameters. The
Reptile algorithm improves parameter initialization, enabling RNNs to better adapt to the
variations in sequential data, thereby enhancing performance on small-sample datasets.
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And the MLP model saw the most significant improvement, reaching 4.12%. The MLP
model has a relatively simple structure and fewer parameters. In this case, the Reptile
algorithm can significantly improve the initialization parameters, allowing the model to
better adapt to small-sample tasks. Without many layers of deep networks, the performance
of MLP is more easily influenced by the positive impact of meta-learning optimization.
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The difference in the performance improvements of various models optimized by
the Reptile algorithm is mainly the result of multiple factors, including model structure,
characteristics of the optimization algorithm, and task complexity. For the relatively simple
MLP model with fewer parameters, the Reptile algorithm can more effectively adjust the
parameters and improve model performance. By contrast, for the CNN model, which has
a larger number of parameters and already exhibits high performance, the optimization
effect of the Reptile algorithm is relatively limited.

This suggests that the Reptile algorithm may be more suited for simpler models or
models with fewer parameters, where it can more effectively enhance performance in
small-sample learning scenarios.

4.3.4. Comparison of Model Predictions on Different Sample Datasets

WGAN-GP was used to generate 50, 100, 150, 200, 250, 300, 350, 400, 450, and 500 new
data samples, and then the Reptile algorithm was applied for regression prediction. The
resulting values and MSE values are shown in the figure below. These results indicate a
certain trend: as the amount of generated data increases, the performance of the regression
prediction model fluctuates slightly but generally remains at a high level. This suggests that
the combination of WGAN-GP data augmentation and the Reptile algorithm is effective in
improving the performance of regression prediction tasks.

As shown in Figure 6, with the increase in the number of virtual samples, the perfor-
mance first rises, then slightly decreases, and finally increases again. Although increasing
the number of generated data helps improve model performance, the performance gains
seem to slow down after the data amount reaches a certain threshold. This might suggest a
critical point in the data quantity, beyond which further increases in data provide dimin-
ishing returns in performance improvement. This is mainly because the generated virtual
samples fill the information gap during the initial training stage, enhancing model predic-
tion accuracy. When the volume of virtual samples becomes large enough, the influence of
the initial samples diminishes, and the differences between the initial and virtual samples
become more significant.
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During the model training process, the consumption of computational resources is
an undeniable challenge. To address this issue, various optimization techniques can be
employed, such as model pruning and mixed precision training, which significantly reduce
training time and resource costs while maintaining model performance. Additionally,
using distributed computing and parallelized data generation can improve the scalabil-
ity of the algorithms, allowing for efficient training on large-scale datasets. Specifically,
by introducing progressive training and heterogeneous computing architectures, we can
not only accelerate the WGAN-GP data augmentation process but also reduce the com-
putational load of the Reptile algorithm when processing synthetic samples. For future
research, further exploration of how to optimize the training process in different hardware
environments will be a crucial direction to enhance the practical value of the algorithms.

5. Conclusions

In the digital economy era, data trading platforms not only facilitate the circulation
of data and expand the market scale by integrating and transferring data resources but
also lay the foundation for the sustainable allocation of data resources. Data pricing is the
key to realize the market-oriented allocation of data elements, and a transparent, fair, and
efficient pricing mechanism can enhance the stability and attractiveness of the platform.
However, small-sample data make it difficult for traditional pricing methods to accurately
evaluate the value of data, and it is easy to overfit and produce subjective bias. In this
paper, a method combining WGAN-GP data enhancement and the Reptile algorithm was
proposed to expand the dataset through data enhancement and fine-adjust the model using
meta-learning to improve the accuracy and stability of pricing. The performance of the
network was verified on a real dataset, and the experimental results show that the following
can be achieved:

Using the WGAN-GP network can generate synthetic data highly similar to real data,
thereby efficiently expanding the dataset required for deep learning training. With a data
augmentation of 1000 samples, the average recognition rate increased by 4.88% compared
to the GAN network.

Optimizing network training through the Reptile algorithm effectively enhances model
performance, reduces overfitting, and achieves the desired predictive model. Compared
to models without meta-learning optimization, the Reptile-optimized model’s accuracy
further improved by 4.90%. The data resource prediction model constructed using data
augmentation and meta-learning methods effectively addresses the small-sample data
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resource pricing prediction problem. The prediction accuracy of the model combining both
techniques improved by 10.02% compared to using only the GAN network.

By addressing the problem of pricing small-sample data resources, this study provides
a sustainable solution to improve the accuracy and fairness of data trading platform pricing,
thereby enhancing trust between both parties involved in transactions, attracting more
participants, expanding the market scale, and boosting the platform’s long-term competi-
tiveness. Moreover, the model’s accuracy in pricing under small-sample conditions will
help optimize resource allocation, promote the standardization and sustainable develop-
ment of the data market, and provide reliable support for innovation and decision making
across industries, fostering the progress of digitalization and intelligent development.

In practical applications, this model is not only suitable for data pricing but can
also be extended to resource allocation optimization, supply chain management, and
demand forecasting. Its transparency and robustness make it promising for enhancing
trust in data trading platforms. Future research could explore integrating this model with
blockchain technology to improve the transparency and traceability of the pricing process.
Additionally, the improvement in pricing accuracy under small-sample conditions lays the
foundation for establishing industry standards in the data market.

Future studies could focus on expanding the application of this model to different data
types and economic contexts, developing more versatile and flexible models for resource
pricing and optimization, thus driving the intelligent and standardized development of the
digital economy.
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