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Abstract—This paper studies the prediction method of
regional differentiated allocation mode of energy finance based
on attention mechanism and support vector machine to provide
scientific guidance for the future development direction of energy
finance in each region. Analysis of the key factors influencing the
energy consumption, through the attention mechanism to extract
the regional factors such features constitute the details of the
sample set, the characteristics of the sample set after
implementation of fusion and normalized processing, gain new
characteristics of sample set as input to construct support vector
machine forecasting model, prediction of energy consumption in
each region of the output. According to the results, the
differentiated allocation patterns of energy finance in each region
are predicted. The results show that the prediction model of this
method has high training and test prediction accuracy, and the
prediction results are consistent with the actual data in historical
statistics. Compared with the existing methods, the method of
this study can more scientifically and effectively predict the
sustainable and stable development of energy finance in various
regions of the city in the future. The energy consumption of the
experimental city predicted in this study in the next nine years is
from high to low in the order of region C, region a and region B.
from this, it is predicted that the regions A, B and C of this city in
the future will be applicable to the government market dual
oriented Government oriented and market-oriented energy
finance allocation models. The prediction results can provide
scientific guidance for the sustainable and stable development of
energy finance in various regions of the city in the future.
Keywords—Attention mechanism; support vector machine;
energy finance; differentiation configuration mode; energy
consumption

I.

INTRODUCTION

Energy finance refers to a cooperative model based on the
energy system that uses the financial system as a driving force
after the integration of energy and finance. It is a brand-new
model that promotes the coordinated development of energy
and finance [1]. Energy finance is mainly based on the energy
industry chain. With the help of financial means, it studies the
interaction between the new energy industry and the financial
industry from three aspects: the initial financing, the
intermediate integration of resources, and the final realization
of value-added, and puts forward corresponding safeguard
measures. The energy industry is usually dependent on the
financial industry in its development. To obtain the highest

profit and achieve the highest capital utilization rate, the
financial industry also needs to rely on the assistance of the
energy industry [2,3]. As the main body of energy consumption
in China, the consumption of primary energy in my country has
shown an increase year by year in recent years. On the premise
of maintaining the sustained and stable development of our
country’s energy finance, the development level of energy
finance is gradually improved in various regions, so that can
achieve the coordinated development of energy and finance in
various regions. It is necessary to configure a differentiated
energy financial model that meets its development
characteristics for each region of our country [4]. Therefore, it
is necessary to effectively combine the respective advantages
of energy and finance in each region to effectively alleviate the
financial problems faced by energy development. Meanwhile,
new energy financial development paths will be provided to all
regions. Regarding the question of how to configure a
differentiated energy finance model that applies to each region,
the most important thing is to accurately predict the energy
consumption of each region. Based on the prediction results,
the energy financial allocation models applicable to different
regions can be analyzed [5].
The attention mechanism belongs to a type of model that
simulates the attention mechanism of the human brain. Its
principle is to use the method of attention probability
distribution calculation to highlight the effect of a certain main
input on the output, and to obtain more feature detail
information. When the attention mechanism is used in deep
learning models, it can help improve the overall accuracy and
efficiency of such models [6, 7]. Meanwhile, the combination
of attention mechanisms and machine learning algorithms to
solve problems in projects or life has become a development
trend. Support vector machine is a relatively important
prediction algorithm in machine learning. It can transform the
input in the low-dimensional space into the high-dimensional
space through the kernel function and slack variables, and
obtain the linear sample data in the best classification method
[8]. Support vector machine has the advantages of being able to
find the optimal solution globally, strong learning ability, and
strong pan-China ability. It can be widely used in multidimensional function prediction and various recognition
problems [9].
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The attention mechanism and machine learning methods
are applied to study the regional differentiation of energy
finance, which can realize the prediction of the regional energy
financial differentiation allocation mode. However, the
research should analyze the key influencing factors that affect
energy consumption and extract the relevant key influencing
factors on the basis of a full analysis of the regionally
differentiated configuration mode of energy finance. The data
under the key influencing factors are formed into a sample set,
and the data of the sample set is feature-fused using the
normalization method, so that can realize the establishment of
the support vector machine feature model. In the entire process,
key factors can be determined in terms of economic
development degree, urbanization degree, energy efficiency
application degree, industrial structure and demographic
factors that affect energy consumption, which can realize
scientific and effective forecasts. Traditional energy finance
regional differentiation research is mainly to analyze the
correlation between energy industry projects and energy
financial derivatives in various aspects. The process of using
correlation to achieve prediction requires constant adjustment
of model parameters to improve the accuracy of prediction, and
the process is more complicated. This paper combines the
attention mechanism and support vector machine to build a
scientific prediction model, which can simplify the prediction
process. Through the identified key factors, the sample set is
input into the support vector machine prediction model, the
energy consumption prediction results of different regions are
output, and the results of the model output are used to analyze
the energy financial configuration modes applicable to
different regions. Through the identified key factors, the
sample set is input into the support vector machine prediction
model, the energy consumption prediction results of different
regions are output, and the results of the model output are used
to analyze the energy financial configuration modes applicable
to different regions.
Therefore, the purpose of this paper is to combine the
attention mechanism and support vector machine to achieve a
scientific and accurate prediction of the regional energy finance
differential distribution mode, and can guide the development
direction of Regional Energy Finance in the future according to
the prediction results, promote the sustainable and stable
development of Regional Energy Finance in the future, and
make up for the shortcomings of existing research.
II. RELATED WORK
The concept of energy finance appeared in the 1880s. As
the traditional energy structure upgrades and the capital
demand for corporate development has grown, energy finance
has gradually developed. However, the issue of energy finance
has become the core issue of today's world economic
development. It is not only closely related to the security of the
country, but also closely related to the development of society
[10]. Therefore, the differential analysis of energy finance
between countries or regions has gradually become one of the
important research hotspots. Many relevant experts and
scholars have conducted analysis and research on the
differences in energy finance. Some researchers have studied
the framework of regional energy finance cooperation under
the new normal [11], and they theoretically explain the

importance of forecasting functions to regional energy finance.
Some scholars use the GABP algorithm to establish an energy
financial risk early-warning model to realize the overall risk
prediction of energy finance, but the accuracy of the prediction
still needs to be considered [12]. Some researchers analyze the
necessity of the association between early warning models and
regional energy finance from a theoretical perspective [13]. In
terms of the research on the regionally differentiated allocation
model of energy finance, most of the existing relevant literature
is theoretically analyzed. Some researchers use provincial
panel data to analyze financial risks from a differentiated
perspective and analyze the potential impact of regional
financial risks [14]. Some researchers use the VAR model to
study the regional differentiation of rural finance and analyze
the correlation between influencing factors [15]. However, the
current research on the difference of energy finance is still onesided, and there are few methods to output scientific and
accurate prediction results from the data accumulated in
history.
The application of machine learning methods in the
financial field is more common, it mainly has stock
forecasting, quantitative finance, investment portfolio analysis,
etc. [16]. However, there are few studies on regional financial
differentiation, which mainly focus on the collection of
regional financial data and regional financial risk index. A
fuzzy comprehensive evaluation or analytic hierarchy process
is applied to evaluate regional financial risks. The analysis of
the difference is mainly based on the risk ranking by the
evaluation grade [17-18]. There are also a few researchers who
study the stability and differences of regional finance [19-21].
However, this type of research is also limited to the use of
evaluation methods to obtain results. Few machine learning
methods are applied to difference analysis, and data-driven
methods are not used to output prediction results.
In summary, the machine learning method has been applied
in the financial field, but the existing research on regional
financial differentiation mainly focuses on the theoretical level
and the correlation analysis between factors. Some studies have
made key determination on the economic development degree,
urbanization degree, energy efficiency application degree,
industrial structure and population factors that affect energy
consumption; however, the prediction of regional
differentiation of energy finance by means of machine learning
is still in the development stage.
Therefore, on the basis of the existing research results and
after analyzing the key factors affecting energy consumption,
this study uses the attention mechanism to extract the detailed
features of these factors in each region, form a feature sample
set, and fuse and normalize the feature sample set to obtain a
brand-new feature sample set input, build a support vector
machine prediction model, and realize scientific and effective
research and Analysis on the basis of the existing research,
provide auxiliary decision support for relevant management
departments.
III. ANALYSIS OF THE DIFFERENTIAL CONFIGURATION
MODE FOR ENERGY FINANCE REGION
To achieve the coordinated development of energy and
finance in various regions, it is necessary to configure
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differentiated energy financial models in line with their
development characteristics for different regions to achieve a
more effective combination of the respective advantages of
energy and finance. Its model can not only effectively alleviate
the financial problems faced in energy development, but also
provide brand new development paths to the financial industry
in various regions [22]. Generally, the regional energy financial
allocation mode can be divided into three types: governmentoriented regional energy financial configuration mode,
government-market dual-oriented regional energy financial
configuration mode, and market-oriented regional energy
financial configuration mode. The first configuration mode is
suitable for areas with low energy finance levels. The second
configuration mode is suitable for areas with a medium level of
energy finance. The third configuration mode is suitable for
areas with higher levels of energy finance [23]. Therefore, to
study the energy financial allocation model applicable to each
region, it is necessary to understand the energy financial level
of each region. However, the level of energy finance is mainly
reflected in the degree of consumption, so it is necessary to
analyze the differentiated energy financial allocation models in
different regions on the basis of obtaining energy consumption.
Meanwhile, to obtain the energy consumption of each region, it
is necessary to design an appropriate energy consumption
prediction model to realize an effective prediction of the
energy consumption of each region. Based on the prediction
results, the energy financial level of each region is analyzed,
and the differentiated configuration mode of energy finance
applicable to each region is predicted. On this basis, the
detailed features of such key influencing factors in each region
are extracted by combining the attention mechanism. After its
features are processed by feature fusion and normalization,
they are used as input to the support vector machine prediction
model, and the energy consumption of each area is output to
realize the prediction of energy consumption in each area.

Based on the prediction results, predict the differentiated
allocation mode of energy finance in different regions.
A. Analysis of Key Factors Affecting Energy Consumption
The main factors that usually affect energy consumption
include the level of urbanization, energy efficiency,
demographic factors, industrial structure, and degree of
economic development [24]. The demographic factors include
two factors: population size and population structure. The
degree of economic development includes factors such as the
stage and scale of development. The structure of key
influencing factors of energy consumption is shown in Fig. 1.
In Fig. 1, the effects of each key influencing factor on
energy consumption are as follows.
1) Urbanization level factors: The difference in lifestyle
between rural and urban residents has resulted in differentiated
energy consumption in the two regions. Meanwhile, in the
process of rural urbanization, the construction of
transportation and infrastructure can also increase energy
consumption. Therefore, the urbanization of the rural
population has a promoting effect on energy consumption, and
the proportion of the urban population can be used to measure
the level of urbanization.
2) Energy efficiency factors: The improvement of energy
efficiency can promote the sustainable development of energy,
reduce energy waste, and effectively alleviate the
contradiction between energy supply and demand, as well as
achieve the purpose of saving energy and reducing emissions.
The key indicator to measure energy efficiency is the value of
energy consumption per unit of GDP, which is inversely
proportional to energy efficiency.
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Fig. 1. Structure Diagram of Key Influencing Factors of Energy Consumption.
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energy consumption, which can effectively improve the
accuracy and efficiency of the final energy consumption
prediction in each region. The attention mechanism can search
for many key-value pair mappings, and obtain the goodness of
such key-value pairs. The goodness of fit is proportional to the
number of allocated attention resources. The structure of the
attention mechanism is shown in Fig. 2.

3) Demographic factors: With the increase in the number
of people, the energy demand has gradually increased, so
energy consumption has also shown an increasing trend. From
the perspective of demographic structure, different age groups
will lead to differences in consumption habits and lifestyles, as
well as differences in energy consumption. Therefore, both
population size and population structure will have an impact
on energy consumption. Generally, the main indicators for
measuring demographic factors are the total population, the
proportion of the population of each age group, and so on.
4) Industrial structure factors: The differentiation of
industrial structure has a direct impact on energy
consumption, and the key energy consumption industry in my
country is the secondary industry [25]. Common indicators
used to measure changes in the secondary industry structure
include the proportion of secondary industry’s added value,
the proportion of the secondary industry, the technical level of
the secondary industry, and the proportion of secondary
industry’s output value. Therefore, the above indicators can
also be used to measure the impact of changes in industrial
structure on energy consumption.
5) Economic development degree factors: The increase in
total energy consumption can promote the degree of economic
development, and economic development will also bring about
an increase in energy consumption. There is a mutually
reinforcing relationship between energy consumption and
economic development. Commonly used indicators to
measure the degree of economic development include Engel's
coefficient, GDP per capita, Gini coefficient, gross production
value, and total fixed-asset investment. In which the Engel
coefficient is inversely proportional to the living standards of
the masses, and the Gini coefficient is directly proportional to
the difference in income distribution, both of which can show
the degree of economic development.

In Fig. 2, Li − Wi represents a key-value pair, which
represents the weight of factors affecting energy consumption.
The query is represented by Q, which represents energy
consumption. The feature information of the key influencing
factors of energy consumption extracted by the attention
mechanism can be used to construct the prediction model,
which can improve the prediction accuracy and efficiency of
the model. The calculation process of attention is:
After calculating the goodness of fit between the energy
consumption and the weight of each key influencing factor, the
weights will be obtained. Here the splicing method is chosen to
calculate the coincidence degree. The calculation equation is:

g (Q, Li ) = vα [Q; Li ]

In equation 1, the splicing coefficient is represented by vα .
Step2: Normalization of weights. The weights obtained in
step (1) are normalized by the Soft max function, and the
calculation equation is:


Soft max  g (Q, Li )  = exp ( g (Q, Li ) ) /  ∑ exp g (Q, L j ) 
 j


(

L2

)

(2)

Step3: Attention calculation. The weights gained by
normalization of weighted and sum, and the weights acquired
by factors of influencing energy consumption are used to
obtain attention. The calculation equation is:

A ( Q , L,W ) = ∑ ωiWi

B. Feature Extraction of Key Influencing Factors for Energy
Consumption based on Attention Mechanism
The attention mechanism is the process of extracting more
detailed features. Its main principle is to quickly scan the
overall scene of its visual interval through the human visual
system, and select the key target interval from it through the
brain's signal processing mechanism, and put more attention
resources into this interval [26]. Feature extraction of factors
affecting energy consumption is the key to energy consumption
prediction. The attention mechanism can quickly extract more
detailed feature information of the key influencing factors of
L1

(1)

i

In equation 3,

ωi

(3)

represents the normalized weight.

Based on the key influencing factors of energy
consumption extracted by the attention mechanism, the
detailed feature information is formed into a feature sample set.
The sample set is processed accordingly and then input into the
support vector machine prediction model to obtain the output
of energy consumption in each region.
L3

L4

L5

wi

Q

W1

W2

W3

W4

W5

Fig. 2. Structure Diagram of Attention Mechanism.
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C. Prediction of Regional Energy Consumption based on
Extracted Feature Sample Sets
1) Feature fusion and normalization of the feature sample
set: The feature sample set acquired by the attention
mechanism can be fused to realize the complementary
advantages of each factor feature in the sample set, improve
the description performance of the feature, and help to further
improve the prediction accuracy of the model [27]. After
fusion, due to the dimensional differences of the
characteristics of each factor in the feature sample set, it is
easy to cause large fluctuations in the prediction results
obtained by the prediction model, and the prediction
performance is not stable enough. Therefore, it is necessary to
further implement normalization processing on the basis of
feature fusion to achieve stable prediction of the prediction
model.
2) Feature fusion: Given that the features in the feature
sample set obtained by the attention mechanism are the initial
features, denoted by Xi (i=1,2,...,M), where M represents the
number of features. The features in the feature sample set after
feature fusion processing are represented by Xj (j=1,2,...,M).
The feature fusion equation is:

=
X j δ j [θi × X i ]

(4)

δ j represents the feature fusion function; the
conversion function is represented by θi .
In equation 4,

3) Normalization: After the fusion processing, the
normalization of the feature data in the feature sample set is
performed, that is, the value range of the feature data of each
factor is unified to 0~1, so that can achieve the unity of
dimensions and ensure the stability of the prediction results.
The normalized processing equation is:

x =
( xi − xmin ) / ( xmax − xmin )

(5)

In equation 5, x represents the normalized feature sample
set feature data; xi represents the i-th feature data in the feature
sample set after fusion processing. The highest value and the
lowest value of the feature data in the feature sample set after
fusion processing are represented by xmax and xmin ,
respectively. Therefore, a new feature sample set X composed
of many normalized feature data x can be obtained, which can
be used as the input sample set of the prediction model to
achieve a stable prediction of energy consumption in each
region.
4) Support vector machine prediction model based on the
processed feature sample set: Taking the processed new
feature sample set XXX as input and the energy consumption
of each area as output, a support vector machine prediction
model is constructed to realize effective prediction of energy
consumption in each area. The differentiated allocation mode

of energy finance in each region is estimated by the prediction
results.
Each feature X 1 , X 2 ,, X M in the input feature sample
set X is mapped to a high-dimensional feature space (σ(X 1 ),
σ(X 2 ),…, σ(X n )). According to statistics, the initial nonlinear
model can be changed to the linear regression model of the
high-dimensional feature space. Its equation is:

f ( X j ) =d + λ T × σ ( X j )

(6)

In equation 6, d and λ represent the parameters that need to
be identified in the linear regression model, where the
adjustable weight vector is λ, and the bias is d. Based on the
structural risk minimization criteria, the required identification
parameters are processed, and the processing formula is:

=
H(f)

s

∑γ
i =1

λ + B ( ei )
2

(7)

In equation 7,

B ( ei ) represents the loss function;

λ ; H ( f ) represents
2

confidence risk is represented by

empirical risk. According to the principle of support vector
machine, the solution of formula (7) is equivalent to the
operation of the following optimization problem, which is:
s

=
K
B
min
( µi + µi∗ ) + 12 λ T λ
∑

i =1

  y − ( λ , σ ( X t′) ) − d ≤ µ + µi ∗
 
 s.t. ( λ , σ ( X ′) ) + d − y ≤ µ + µ ∗
t
i
 
∗
  µi , µi ≥ 0
 

(8)

In equation 8, the optimized parameters are represented by
µi and µi ∗ ; K represents the classification hyperplane; and the
parameters of the inner product function are represented by X’ t .
By converting formula (8) into a dual problem and
simplifying the calculation process, the nonlinear function
obtained after conversion is expressed as:

f (X ) =
∑ ( ci − ci∗ )G ( X t′, X ′) + d
k

i =1

In equation 9,

(9)

G ( X t′, X ′) represents the inner product

function; the support vector parameters are represented by c i
and c i *. The radial basis function is set by the Mercer
condition, which is set the inner product function, and it is
expressed as:

{(

G ( X t′, X ′) = exp − X j − X a

2

) /ϕ }
2

(10)
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In equation 10, ϕ represents the Mercer condition
coefficient; the training feature data vector and the test feature
2

data vector in the feature sample set are represented by

X j and

acquired to obtain the energy consumption output of each
region. The differentiated allocation mode of energy finance
applicable to each region is predicted by the energy
consumption of each region.

X a , respectively.

IV. ANALYSIS OF EXPERIMENTAL RESULTS

The equation (10) is substituted into equation (9). After
equivalent transformation, it is acquired as:

f (=
X)

l

∑c
i =1

j

{(

exp − X j − X a

2

) / ϕ }+ d
2

(11)

In equation 11, c j represents the parameter value
corresponding to the support vector; the output vector set of
energy consumption in each region is represented by f(X). The
energy consumption prediction parameters d and c j can be
TABLE I.

Number

a

b

c

Take a city as an example, the city is divided into three
regions (a~c), and the method in this paper is used to study the
differentiated configuration mode of energy finance in each
region. Taking the period from 2011 to 2020 as an example,
the historical statistics of energy consumption and key
influencing factors in each area of the experimental city during
the period are used as the basis. The proportion of the urban
population, energy consumption per unit GDP, total
population, the proportion of secondary industry added value,
gross production value and energy consumption in each region
of the city can be obtained, which is as Table I.

HISTORICAL STATISTICS OF ENERGY CONSUMPTION AND VARIOUS INFLUENCING FACTORS IN EACH REGION OF THE EXPERIMENTAL CITY FROM
2011 TO 2020

Year

Proportion of
urban
population /%

Energy consumption
per unit GDP /tce/ 10
thousand yuan

Total
population/10
thousand people

2011

48.8

4.7×10-5

60.1

45.1

208.2

98.7

2012

50.1

5.2×10-5

60.8

44.8

211.5

110.3

2013

52.4

5.6×10-5

61.7

46.1

218.7

122.6

2014

53.6

5.8×10-5

62.5

45.8

225.4

130.7

2015

54.8

6.3×10-5

64.1

43.7

229.2

145.8

2016

56

6.9×10-5

65.7

41

233.4

162.4

2017

57.9

7.3×10-5

67.3

42.3

237.6

175.4

2018

59.1

7.9×10-5

69.2

44.5

241.7

191.1

2019

59.8

8.2×10-5

71

45.1

252.1

208.3

2020

60.4

-5

8.5×10

72.5

42.5

260.4

221.6

2011

45.1

4.6×10-5

55.7

43.7

199.5

93.2

2012

46.4

5.1×10-5

56.1

42.1

203.7

102.6

2013

47.1

-5

5.6×10

56.9

45.1

208.9

118.5

2014

47.8

5.8×10-5

58.1

45.3

215.3

126.3

2015

48.6

6.0×10-5

59.2

41.4

220.7

133.8

2016

50.1

-5

6.1×10

60.3

41.8

229.4

141.9

2017

52

6.7×10-5

62.7

43.8

233.6

156.9

2018

53.8

7.1×10-5

64.1

46.1

238.8

169.3

2019

55.1

7.3×10-5

65.8

44.3

246.4

180.4

2020

56.7

8.1×10-5

68

43.2

252.2

206.2

2011

50.6

4.9×10-5

65.2

46.3

212.4

105.2

2012

52

5.3×10-5

66.7

45.5

220.6

117.3

2013

52.8

5.5×10-5

68.1

46.2

227.8

126.9

2014

54.1

5.8×10-5

69.7

44.1

236.3

138.5

2015

55

6.2×10-5

71.2

43.7

244.2

151.3

-5

Proportion of added
value of secondary
industry /%

GDP/100
million yuan

Energy
consumption/10
thousand tce

2016

56.3

6.4×10

72.8

47.1

251.7

162.4

2017

57.8

6.8×10-5

74.1

46.8

258.9

176.9

2018

59.1

7.2×10-5

76.3

42.1

267.3

192.6

2019

60.5

-5

7.7×10

77.9

46.1

274.2

211.1

2020

61.3

7.9×10-5

79.5

45.8

285.2

226.9
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Using historical statistical data from 2011 to 2015 as the
training sample set, and historical data from 2016 to 2020 as
the test sample set, the prediction model of this paper is used to
implement training and testing, which can obtain the training
effect and testing effect, as shown in Fig. 3.

This paper studies the differentiated energy financial
allocation modes of the experimental cities from 2022 to 2030
in the future, and further uses the proposed prediction model to
predict the energy consumption of the experimental cities from
2022 to 2030. The future energy financial differentiated
allocation mode of each region is studied by the obtained
prediction results. The prediction results of energy
consumption in each region of the experimental city from 2022
to 2030 are shown in Fig. 4.
Energy consumption/10 thousand tce

180

160

Training results of
proposed model
region a
region b
region c

The actual
data
region a
region b
region c

140
120
100

2011

2012

2013
Year

2014

2015

Energy consumption/10 thousand tce

240
Testing results of
proposed model
region a
region b
region c

210
180
150

The actual data
region a
region b
region c

120
90
2017

region b

region c

310
300
290
280
270
260
250
240
220
2022 2023 2024 2025 2026 2027 2028 2029 2030
Year

Fig. 4. The Prediction Results of Energy Consumption in each Region of the
Experimental City from 2022 to 2030.

From Fig. 4, it can be concluded that the annual energy
consumption of each region for the experimental city from
2022 to 2030 will show an upward trend. On the whole, energy
consumption in region c is higher, energy consumption in the
region a is at a medium level, and energy consumption in
region b is the lowest. Combining this prediction result, the
future energy financial level of the three regions of the
experimental city is ranked c-a-b from high to low. Therefore,
the energy financial allocation models corresponding to each
region from 2022 to 2030 in the future should be: region-cmarket-oriented, region-a-government-market of dual-oriented,
and region-b-government-oriented. Based on the predicted
different regional energy finance allocation models in the
future, it can provide a clear development direction for the
future development of energy finance in each area of the
experimental city. It also improves the future development
level of energy finance and provides help to effectively avoid
bottlenecks in future development.
V. CONCLUSION

(a) The Training Effect of the Prediction Model for the Proposed Method by
the Paper.

2016
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It can be seen from Fig. 3 that the training results and
testing results of the prediction model of the method in this
paper are in close agreement with the actual energy
consumption in historical statistics, and the maximum error
value does not exceed 15,000 tce. Therefore, the training effect
and test effect of the prediction model in this paper are
relatively ideal, and the obtained prediction results have high
accuracy, which can be applied to the actual energy
consumption prediction in the study of the differential
configuration mode of energy finance for different regions.
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This paper focuses on the research on the prediction
method of regional differential allocation pattern of energy
finance based on attention mechanism and support vector
machine. It extracts many detailed features of key influencing
factors of energy consumption by using attention mechanism,
and after fusing and normalizing them, the feature sample set
obtained is input into the support vector machine, constructs
the support vector machine prediction model, and outputs the
prediction results of regional energy consumption. According
to this result, the energy finance allocation mode applicable to
each region is analyzed. The proposed prediction model has
high training prediction accuracy and test prediction accuracy,
and has a good prediction effect on the historical sample set. It
can provide a scientific guidance path for the sustainable and
stable development of energy finance in various regions of the
city in the future.

(b) The Testing effect of the Prediction Model for the Proposed Method by
the Paper.
Fig. 3. The Training and Testing Effect of the Prediction Model in the
Method of this Paper.
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