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Abstract Traditional Long Short-term memory (LSTM) method faces a lot of challenges
during coalbed methane production prediction, such as poor generalization on the small
datasets, difficult hyper parameter turning and poor accuracy in prediction. Due to these
challenges this research introduces a new method which is the combination of LSTM and
Transfer Learning inorder to encounter to these issues. This approach combines the Person
Correlation Coefficient together with the Grey relational degree to identify production
factors which is more important by using a “Pre-training Hierarchical Fine-Tuning”
transfer learning framework. In order to maintain the ability of extracting temporal
features, the LSTM layer uses a low learning rate while fully connected layer uses a high
learning rate for faster convergence. When we applied this new strategy to the FSL-34
well, it’s R? value increased from 0.8 to 0.93 and the Mean Absolute Percentage Error
(MAPE) decreased from 0.614% to 0.288%, without forgetting in the situation of small
datasets around 100, R? increased greatly from -2.3 to 0.94 and the MAPE decreased by
37%. These two examples shows clearly the advantages of the new proposed method over
Traditional LSTM models. While using Maximum Mean Discrepancy (MMD) domain
arrangement helps bridge the gap between separate domains, utilizing the transfer of
knowledge from a source domain reduces the data requirement in the target domain. I
general, this strategy provides a very effective coalbed methane production prediction in
cases with scanty data samples.

Keywords Coalbed methane; Long Short-Term Memory network; Transfer learning;
Production prediction; Small-sample prediction

1 Introduction

To predict accurately and correctly production of coalbed methane (CBM) is very
important for maximizing recovery rate and improve development plan[1]. Its very
important to Characterize in a correct way the complex relationships between different
parameters including production parameters, engineering parameters and geological.
Production decline analysis methods and Traditional numerical simulations offering a
more effective way to address reservoir heterogeneity and production uncertainties due to
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raised of Machine Learning in recent years[2]. One of the very important and well known
application method in the field for it’s ability of identifying long-term dependencies in
time series data is Long Short-Term memory denoted as LSTM in short. Due to it’s special
“Gating Mechanism”, the model proved to very good and flexible in predicting CBM
Production. Apart from it’s greater efficiency and it’s important to the field, LSTM models
also faces some challenges in real time applications. One of the basic Challenge faces
LSTM model lie in it’s complex hyperparameter combinations[3] which needs a number of
experiment inorder to get ideal configurations. Apart from that challenge, LSTM models
incase of small data samples become very sensitive to noise otherwise the performance
decrease it’s ability. These constraints hinder the training efficiency and generalization
performance of LSTM models in real-world applications.[4-5].

The problem of limited data and model customization is solved by using the knowledge
from a source domain to improve performance in a target area. In this study, a new
prediction method is introduced that combines Long Short-Term Memory (LSTM)
networks with transfer learning techniques [6]. Improving accuracy of prediction,
simplifying hyper parameter tuning and reducing errors on dealing with small datasets are
the three main Challenge discussed by this new research by using a
"Pre-training-hierarchical fine-tuning" technique to refine the model building and
integrating multi-dimensional feature selection techniques inorder to identify critical
variables. In a case study of horizontal wells in the Fuchang District’s eight coal seam, the
technique shows very good results in providing a promising technical path for predicting
coal seam gas production. The Potential of transfer learning in improving prediction
models and opens up new possibilities for optimizing gas production forecasts is
highlighted by this study.

2 Principles and Construction of LSTM Transfer Learning

2.1 Fundamentals of LSTM Neural Networks

An improved version of traditional RNNs, pointing the problem of vanishing or exploding
gradients by utilizing a "Gate mechanism" is known as Long Short-term Memory (LSTM)
Networks [7]. This mechanism contain the Forget gate, output gate, input gate and Cell
state, which make the network to gain important information over long range. LSTM
networks are very excellent at identifying long-term dependencies in data.

Forget Gate: It Uses the sigmoid function, which is expressed in equation number (1)
below to determine whether to keep or discard historical data.:

fmo(wlh.1x]+b)) (1)

Where: x, is the input information at time step t, o is the sigmoid activation function, h,;
is the hidden layer state at time step t-1, wy , b, are the weights and bias of the forget
gate.

Input gate: Filters new information and updates candidate states. The Formulas are as
follows:

i=a(wilh.1x,]+b;) (2)

Ci=tanh (wc[h,.1,x]+bc) 3)

Where:C, represents the candidate state after tanh transformation; information in may be
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updated to the current memory time step.w; andb; denote the input gate's weight and bias,
respectively.we andbc denote the candidate state's weight and bias, respectively.

Cell state update: Updated based on the decision from the forget gate and input gate, as
follows:
CCrrtiC 4)
Where:C, andC,; represent the memory cell states at time t and t-1, respectively.
Output Gate: Uses the following formula to generate the hidden layer state at the current
time step:

0t=o-(wo [ht-l 7xt] +bo) (5)
h/~o,tanh C, ©)

| e

Fig. 1 LSTM Network Unit Structure at Time t

2.2 Transfer Learning Fusion Strategy

Pre-training and fine-tuning are the primary uses of transfer learning, an effective tool in
machine learning. This study focuses on the "pre-training - hierarchical fine-tuning"
framework in the context of coalbed methane wells[1,13]. The three-step approach, which
shows how transfer learning can optimize methane well analysis, consists of data
pre-processing, model pre-training, and fine-tuning.

For building a basic or fundamental model during the first training phase, the source
domain of FSL-30 dataset is used. The aim was to gain a basic and fundamental
understanding of extracting significant temporal patterns associated with the different
generation of coalbed methane using effective “LSTM + Fully connected layer” approach.

Parameters of the model are shifted from the source domain towards the targeted ones, this
is happening during Fine-Tuning phase of the FSL- 32 wells and FSL-34 wells. To insure
peak performance, a Hierarchical learning rate technique is used. The LSTM Layer was
given a lower learning rate of le-5 inorder to extract time features efficiently while the
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fully connected layer was given a greater learning rate of 1e-4 so as to quickly adjust to the
data distribution of the target domain. Apart from that, Techniques for feature engineering
optimization are also used. In order to prevent future information leakage, training samples
are enlarged using a sliding window technique, lag features are added to capture temporal
autocorrelation, and data is divided depending on time order.
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Fig. 2 Schematic Diagram of Transfer Learning Principle

2.3 MMD for Assessing Domain Similarity Distribution

In transfer learning, the similarity between the source domain and the target domain is the
core prerequisite for selecting transfer strategies and ensuring transfer effectiveness,
especially in energy engineering scenarios such as coalbed methane/oil daily gas
production prediction - these scenarios have strong domain dependencies, and data
distribution is significantly affected by geological and engineering conditions. Similarity
directly determines the feasibility and efficiency of "transfer". The Maximum Mean
Discrepancy (MMD) can be used to compare the distribution differences between two
datasets using a Reproducible Kernel Hilbert Space (RKHS), which can help determine the
similarity between source and target domain data. Its square form is theoretically defined
as:

MMD*(P,O)E, .. p(k(xa ) E, . ok )-2E, .- o(k(x))
(7
E, . plk(x,x")): The expected value of the kernel function for two independent samples x
and x 'in distribution P, reflecting the correlation between samples within P;E, .. ,(k(y,)")):
reflects the correlation of samples within the distribution Q; E,. p . o(k(x,y)) : The

expected value of the kernel function between sample x of distribution P and sample y of
distribution Q, reflecting the correlation between samples of different distributions

However, in practical applications, it is not possible to directly obtain the true expected
distribution, and empirical estimation is required through a limited sample set. Assuming
sample set  X={x;}1, (from distribution p), (Y=1{y;}}%, (from j=1 to m, from
distribution q), the unbiased empirical estimation formula for MMD is:

2 1 2
MMD-= k(xtrxj)+m #jk(yiayj)__ i’jk(xiayj)

n(n-1y # nm

®)
n: Source domain sample size, m: Target domain sample size; . 4i k (x;,X;): The sum of the

kernel function values of all non repeating sample pairs in the source

domain; Kk (yi,y;) : The sum of the kernel function values of all non repeating

1
m(m-1)  i#
sample pairs in the target domain; l./.k(x,-,y_,-) : The sum of the kernel function values of all
cross sample pairs in the source and target domains (i traverses the source domain, j
traverses the target domain).

2.4 Principles of MMD Domain Alignment

One of a widely used technique in transfer learning and domain adaptation is called MMD
domain alignment. The method involves mapping data from the source/target domain to a
Reproducing Kernel Hilbert Space (RKHS) and then minimizing the distance between
their distributions to ensure convergence, aiming to achieve efficient distribution
arrangement.

In feature mapping, the feature extractors include LSTM hidden layers that seek to extract
features of both two ways which is source domain sample and target domain samples.
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These features are then transformed to the RKHS with the help of kernel functions, such as
Gaussian or linear kernels. The method has the advantage of efficiently capture a nonlinear
correlations between characteristics without having to do more complicated computations
in higher dimensions.

The value of MMD is calculated by an independent empirical formula. This involves the
determination of the mean cross-correlation of the source domain and target domains and
the mean autocorrelation in each of them. Due to analytical reasons, a measure of the
difference between the distributions can be generated by comparing these values.

MMD calculation: Its an objective empirical formula that measures the difference in
distribution by combining source domain/target domain’s autocorrelation and
cross-correlation between the two domains. In practical model training, the MMD loss and
task loss are kept to provide a total loss function that strikes a balance between task
performance and domain alignment effectiveness and the formula is as follows:

L=L g MMD*(Xg.Xy) ©)

To obtain a balanced relationship between task performance and domain alignment is
very important in Machine Learning Models. The core task loss, L, is determined by
the Mean Absolute Error (MAE). To control the model focus much on domain alignment at
the expense of task performance, a balancing hyper parameter, 4 is used to adjust the
weight of the MMD loss. Xg represent the source domain and Xy denote the features of
the target domains.

3 Experimental Design and Results Analysis

3.1 Experimental Data and Preprocessing for the Study Area

An investigation based on the use of MMD approach was subjected on three horizontal
wells in Fukang District 8. The target domain of fine-tuning was Wells FSL-32 and
FSL-34 and the source domain of pre-training was well FSL-30. To ensure accuracy and
reliability, data were collected on a daily basis and subjected to a thorough planning
process.

Malfunction of the equipment and power cuts were also a problem that was occasioned
lacking or atypical values in the process of coalbed methane data collection. To make sure
that the results are properly analysed and interpreted, Z-score normalisation was used to
identify exceptions that would be treated as missing values.

Assuming missing values. The deletion of data might be distroyed since coalbed methane
is time-series data, which can result in the time continuity of data being interrupted. Linear
interpolation is applied in the case of imputation. The linear interpolation equation is:

Y=t

(10)

X1-X0
Where x,, o and x;, y; represent coordinates of two known points.

Kalman filtering is employed to eliminate anomalies caused by random noise deviations,
enhancing data reliability.

3.2 Evaluation Metrics and Model Parameters
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MAPE, RMSE, MAE and R? are the examples of the indicators used to evaluate the
performance of the model. A higher accuracy model is reflected in R? value closer to 1.
These indicators help in comprehensive assessment of the model's effectiveness.

The calculation formulas for the four metrics are as follows:

MAE:% 1yl (1D
RMSE= & 1 i)? (12)
MAPE=Z 7 ] (13)
v o

Where: y; represent the predicted coalbed methane production value, and y; 1is the
representation of the actual value.

Setting parameters is an important part of time series analysis. To create sample data, time
intervals must be segmented. A sliding window technique is utilized to convert time series
data into inputs for the machine learning model[7]. This approach includes adjusting a
fixed-size window to obtain repeated training samples. In order to capture autocorrelation
and trend information inside the time series, lagged aspects of the target variable are also
included. Adam, an adaptive optimisation technique, is used as the optimiser for model
training. The initial learning rate (Lr) is set at 0.002, the batch size (batch_size) is 32, the
sliding step size (input_size) is 5, and the lag feature step size is 1 through search and
debugging. To improve the modelling process, a two-layer LSTM with 128 hidden layer
units is used.

3.3 Analysis of Key Factors Affecting Coalbed Methane Production

Coalbed methane production is a complex process influenced by different factors, including
geological parameters, engineering measures parameters, and production process
parameters[15]. While technical measurements are the outcome of drilling and fracturing
operations, geological parameters are established by inherent features of the coal seam[16].
These variables have little effect on the forecast of production dynamics and are fixed for
individual wells. The success of coalbed methane generation is largely dependent on the
characteristics of the production process after drilling and fracturing. The production process
is strongly influenced by variables such bottom-hole pressure, dynamic fluid level, casing
pressure, stroke, and stroke rate. These metrics show dynamic trends over time and are
gathered as time-series data. To comprehend and maximise coalbed methane production, it is
essential to analyse these tendencies. To increase the effectiveness and efficiency of
industrial processes, researchers concentrate on finding patterns in these time-series data. In
conclusion, optimising coalbed methane production requires the interaction of geological,
technical, and production process characteristics. By examining, analyzing and
understanding these factors, operators can greatly improve the productivity of coalbed
methane wells.

Variance Inflation Factor (VIF) analysis was used in the study to address multi-collinearity.
Strong multicollinearity was indicated by a VIF larger than 10, which suggested eliminating
one feature. Moderate multicollinearity was indicated by VIF scores between 5 and 10,
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necessitating additional research. No multicollinearity issues were identified by VIF values
less than 5. Table 1 contains detailed results.
Table 1 Variance Inflation Factor (VIF) Analysis

Feature VIF Collinearity Level
Cumulative Water Production 999.00 Severe Multicollinearity
Fracturing fluid return rate 999.00 Severe multicollinearity
Daily water production 24.36 Severe multicollinearity
Wellhead Pressure 23.07 Severe multicollinearity
Actual liquid level 17.40 Severe multicollinearity
Torque %/Current A 5.07 Moderate multicollinearity
RPM/Stroke 5.02 Moderate multicollinearity
System Pressure 4.60 No multicollinearity
System Pressure 3.57 No multicollinearity
Pump Efficiency 2.82 No multicollinearity

We inserted strongly associated features using correlation clustering, retain only one
representative feature in a group. This improved our model's interpretability and reduced
problems of the multicollinearity. Because of this our analysis was more effective and
efficient and produced better insights without inflating AIGC rates.

In order to calculate the correlation coefficient matrix, The relation between each pair of
original features is assessed. We can identify these correlations by setting a correlation
threshold of 0.68, which denotes highly connected characteristics and groupings. In order to
create the final feature set, one feature is selected as a representative from each category. This

approach guarantees precision and effectiveness in choosing the most pertinent and varied
aspects.

Highly associated features were found in correlation analysis in table 2, and Figure 4 shows
how cluster analysis divided them into three different categories. These results highlight the
connections between variables and contribute to a better comprehension of the data patterns
found in the research.

Table 2 Pairs of Highly Correlated Features

Feature 1 Feature 2 Coffof:.criil:ttmn
Bottom Hole Pressure Torque %/Current A -0.855279
Bottom Hole Pressure Actual liquid level 0.961906
Bottom Hole Pressure Cumulative Water -0.883171

Production
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Correlation
Feature 1 Feature 2 Coefficient
Bottom Hole pressure Fracturnrlieﬂuld recovery -0.885690
Casing pressure System Pressure 0.749062
Torque %/Current A Actual Liquid Level -0.832141
Torque %/Current A Cumulative Water 0.760135
Production
Torque %/Current A Fracturing Fluid Return 0.762208
Rate
Actual liquid level Cumulative Water -0.867059
Production
Cumulatl.ve Water Fracturing fluid return rate 0.999957
Production
Actual liquid level Fracturing fluid return rate -0.869312
Daily Water Production Rotational Speed/Stroke 0.701321
Rate
. Cumulative Water
Pump Efficiency Production 0.683532
Feature Clustering Groups
¥ Representative Feature
@ Normal Feature
Cluster 3 { Cluster 3 * ®
:L‘g_j Cluster 2 { Cluster 2 +* [ )
Cluster 1 { Cluster 1 @ ® & L ] * [§]

-1 0

1

2 3 4
Feature Position

5 6

Fig. 3 Correlation-Based Clustering Results

By using a dual correlation verification approach, We examined the complex relationships
between daily water production, cumulative water production, casing pressure and daily
gas production. Pearson's correlation coefficient for linear relationships and Grey
correlation for nonlinear relationships were both used in the investigation. The findings
provided very clear insights into the complex relationships between the variables by
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revealing clear nonlinear correlation patterns.

Table 3 Nonlinear Correlation Matrix

Grey Pearson Nonlinearity Relationshi

Feature Correlation Correlation Strength ef;lo:s P
Degree Coefficient yp

Moderate

Pr:Vs;:lre 0.728 0.145 0.583 Nonlinear
Relationship

Daily Weakly

Water 0.560 0.120 0.440 nonlinear
Yield relationship
Cumulati Strong linear

ve water 0.647 0.859 -0.212 18 i
productio relationship

n

Table 3 shows the moderate nonlinearity relationship for well pressure which implies not
to be much important. Daily water production also not suitable for retention due to its low
linear correlation and weak nonlinear association. On the other hand, future model
projections will use cumulative water production as an input characteristic because it
shows a significant linear relationship.

3.4 Model Performance Validation

This study sought to assess the effectiveness of a long short-term memory network (LSTM)
transfer learning fusion model in predicting the performance of coalbed methane wells in
the Fukucang area [3, 12]. Using data from three horizontal wells which are FSL-30,
FSL-32, and FSL-34 the study compared the capability of the conventional sample
prediction model and few sample prediction. Research aim to illustrate the benefits of the
LSTM transfer learning fusion model over conventional LSTM models by carrying out
experiments, evaluating goodness of fit using R? values, and analyzing a variety of error
indicators, including mean absolute error, root mean square error, and mean absolute
percentage error[17,18,19]. The results indicated reduced in a data dependence, increased
in prediction accuracy, and simplifying hyper parameters which highlighting the promise
of this model in predicting coalbed methane well performance.

3.4.1 Conventional Sample Prediction Results

Before moving the learnt parameters to the FSL-32 well and FSL-34 wells for additional
fine-tuning, the conventional method of sample-based prediction need a pre-training the
model on data from the FSL-30 well. This procedure enables the model to capture
temporal information from the original source well while adapting to the distinct data
patterns of the target wells. This approach enables the model to effectively and correctly
generate accurate prediction based on several reliable datasets.
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(1) Source Domain Pre-training Results (FSL-30 Well)

Daily samples from the FSL-30 well dataset are subjected to a number of preprocessing
procedures, such as data smoothing, missing value imputation and outlier elimination. The
80% of samples dataset is divided into a training set and a 20% of samples test set at an 8
by 2 ratio in accordance with time-series data analysis standards. This division makes sure
that the model training process is not interfered by forward information leakage. The
FSL-30 well dataset is now ready for efficient analysis and model building.

A fully connected layer structure and a two-layer LSTM were used in the pre-training
stage. Adam optimizer with a batch size of 32, 0.002 initial learning rate, a sliding window
stride of 5 for the input size, an LSTM hidden layer size of 128, a lag feature stride of 1
and the mean squared error (MSE) as the loss function was chosen after hyper parameters
were adjusted using grid search.

The pre-training results are shown in Figure 4, which shows an R? value of 0.94 on the test
set and a Model Absolute Percentage Error (MAPE) of 3.4feature remarkable point is that
the residuals cluster close to zero and exhibit no discernible skew and also the projected
values closely match the actual values over time. This implies that the time relationship
between coalbed methane production and cumulative water production was successfully
captured by the pre-trained model. It can therefore be used as a reliable benchmark for
additional improvement in the intended field. As a result, this pre-trained model has the

potential to improve accuracy and efficacy in future
applications.
Training Loss Curve Full Original Data Series and Valid Range True vs Predicted Values Scatter
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(2) Target Domain Fine-Tuning Results (FSL-32, FSL-34)
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Fig. 4 Pre-training Visualization Results
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A hierarchical learning rate technique used to maximize the performance of the model
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during the Fine-tuning process in specific domains. The model was able to maintain the
temporal feature extraction skills learnt during pre-training while avoiding the core
parameters from being overloaded by the small data samples in the target domain by
employing a lower learning rate of 1x10-5 in the long-term and short-term memory layers.
The fully connected layer, on the other hand, was given a higher learning rate of 1x10-4 in
order to speed up change in parameters and allow the model to quickly adjust to the local
data distribution of the FSL-32 and FSL-34 wells. The most important thing is that, the
“Cumulative water production" feature from the source domain was directly used, while
the input features of the target domain remained unchanged. Additionally, a double-layer
learning rate adjustment made the model transfer procedure more simple while
maintaining the same structure of the LSTM network. Both well FSL-32 and FSL-34 well
saw remarkable performance gains with the improved model. For the FSL-32 well, R? rose
from 0.70 to 0.90 equivalent to 77% increase, while the test of set MAPE dropped from
10.40% to 6.1%. The model's predicted accuracy was further improved by the notable
decreases in the MAE and RMSE values. More Significant improvements were also noted
for the FSL-34 well test set. R? improved from 0.80 to 0.93 equivalent to 86% percent of
increased value, while the MAPE dropped from 0.614% to 0.288%. Additionally, the MAE
and RMSE values significantly dropped, confirming the improved model’s efficiency
precisely forecasting the FSL-34 production of the well.
True value

—_— ]STM
= Model in paper

©3 w o .
15 =3 a1 S
S = & =]
S S =] S
1 1 1 1

2000

Daily zas production (m*/d)

1500 A

1000 T T T T T T T T T T T T T T 1
0 10 20 30 40 50 60 70

Prediction horizon (d)
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True value
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Fig. 5 Comparison of Daily Gas Production Predictions and Actual Values from
Different Models for FSL-32 and FSL-34

Table 4 Performance Comparison of Different Models for Predicting Daily Gas

Production
Well

No. Model MAE RMSE MAPE R:
Model . 0.9

FSL-32 in this paper 167.05 250.25 6.1% 0
0.7

LSTM 280.73 432.17 10.40% 0
Model . 0.9

FSL-34 in this paper 17.07 24.45 0.288% 3
0.8

LSTM 36.54 42.19 0.614% 0

The traditional LSTM prediction curve shown in Figure 5, shows the yield's overall trend
but is inaccurate when it comes to numerical fitting. However, the integrated model's
prediction had little inaccuracy and closely matched the actual numbers, especially during
periods of stable production. This highlights how well the hierarchical fine-tuning
approach adjusts to the particular domain data.

3.4.2 Small-Sample Prediction
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We reduced the FSL-34 dataset to about 100 data points while keeping the gas production
data from the first 100 days in order to assess the prediction performance of the suggested
model. We were able to evaluate the accuracy of the model using this lower sample
prediction dataset. We used the MMD domain alignment technique described in Section
2.4 to handle the possible decrease in distribution similarity brought on by data deletion.
The prediction result can be seen in Figure 6 below, demonstrating the effectiveness of the
model in analyzing gas production trends.

True value
— 1STM
= Model in paper
1600
~
T 1400

1200

1000

800

600

Daily gas production (m’

400

— 1 1 - 1 T T T T 1T 1T 1
o 2 4 6 8 10 12 14 16 18 20

Prediction horizon (d)

Fig. 6 Small-Sample Prediction Results
Table 6 Performance Comparison of Different Models for Predicting Daily Gas

Production
Model MAE RMSE MAPE R
Model in this 32.17 54.67 3.03% 0.9
paper 4
LSTM 390.73 425.30 40.93% 23

The actual production curve and the predicted curve from the LSTM model differ
significantly, as shown in the graph in Figure 6. However, there are very few differences
between the prediction curve of an alternate model and the actual production trend. By
showing a more realistic depiction of the true production curve, this alternative model
performs better than the LSTM model, providing a more accurate reflection of reality.

The suggested model has a reduced prediction error and a higher R? value when compared
to the LSTM model in Table 6. The suggested model significantly improves from -2.3 to
0.94 with the same expected days. In comparison to the LSTM model, the mean relative
error is lowered by about 37%, and the MAE and RMSE errors also show significant
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reductions. These results indicate the wonderful performance of the proposed model in
obtaining accuracy.

Predictive accuracy has significantly improved when LSTM is mixed into transfer
learning models. The application of the MMD domain alignment technique helps to reduce
inter-domain variations, which facilitates the transfer learning process. This is particularly
helpful for datasets that exhibit notable distribution differences. Through fine-tuning the
target domain using this model, adjustments to the learning rates of the LSTM layer and
the fully connected layer are all that is required[9, 10, 11]. This successfully resolves the
problem of excessive parameter adjustment that is frequently linked to LSTM models. A
viable approach to maximizing prediction accuracy across many datasets is provided by
the LSTM-integrated transfer learning model.

4. Conclusion

1. The Pearson correlation coefficient and grey correlation analysis were used to obtain the
required foundation data for the model prediction (cumulative water production).

2. The difficulty of managing several hyper parameters in LSTM models is addressed by
varying learning rates across layers. Reducing domain differences, reducing the need for
target domain data, and enabling accurate predictions with small sample numbers are all
made possible by using source domain knowledge transfer and MMD domain alignment.
This method improves LSTM models' efficacy and efficiency across a range of prediction
tasks..

3. Significant gains in performance metrics show that the LSTM transfer learning fusion
model performs better than the basic LSTM model. For instance, the average relative error
of FSL-32 dropped from 10.4% to 6.1%, and the R? value increased from 0.7 to 0.9.
Similarly, the error rate of FSL-34 decreased from 0.614% to 0.288%, while the R? value
climbed from 0.8 to 0.93. Furthermore, the R? value for small sample prediction saw a
great increase from -2.3 to 0.94. Overall, the model achieved an impressive reduction of
approximately 37% in the average relative error.
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