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SUMMARY: Rural revitalization and county industrial upgrading put forward higher
requirements for the chain sinking path identification and synergy effect prediction of
specialized and special new enterprises. This paper constructs a multi-modal data-driven
collaborative evolution model of specialized and special new enterprise chain sinking and
rural revitalization, which integrates enterprise structured data, policy text, spatial location,
supply chain collaboration, rural development indicators and remote sensing auxiliary
information. Transformer semantic encoding, spatial embedding, heterogeneous graph
relational learning, multi-modal attention fusion and GRUN-Temporal Transformer time
series prediction methods are used to realize enterprise sinking path identification, synergistic
effect measure and evolution trend prediction. The experimental results show that the
Accuracy of the proposed model in the chain sinking path recognition task reaches 93.8%, the
F1-score reaches 92.3%, and the AUC reaches 95.1%. After full modal fusion, RMSE
decreased from 0.186 to 0.121, R=;increased to 0.914, and the proportion of true value falling
into 95% confidence interval reached 93.7%. In the path optimization experiment, the
comprehensive synergy effect score of the model reaches 0.89, the prediction error is reduced
to 0.072, and the stability index is 0.93. The research shows that this method can improve the
identification accuracy of enterprises 'sinking path and the prediction ability of rural
revitalization co-evolution, and provide technical support for the digital decision-making of
county industrial layout and rural revitalization.

KEYWORDS: Multimodal data; Specialized new enterprises; Chain sinking path; Rural
revitalization of coordinated evolution

1 Introduction

With the characteristics of high degree of specialization, strong innovation ability and
outstanding industrial supporting value, specialized and new enterprises are important
subjects to promote the extension of industrial chain, regional economic transformation and
rural industrial upgrading. With the continuous deepening of the rural revitalization strategy,
single enterprise investment, single point project implementation or short-cycle resource input
have been difficult to fully support the long-term growth of the county industrial system.
Enterprises have been ordered to sink to rural areas along the industrial chain, supply chain
and innovation chain, and have gradually become an important path connecting urban
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technological resources, county processing capacity, rural characteristic resources and market
demand [1]. In this process, the sinking behavior of specialized and new enterprises is not
only shown by spatial location transfer, but also involves multi-dimensional linkage such as
industrial node embedding, technology diffusion, order collaboration, employment absorption,
brand empowerment and data feedback, and its operation results will have a continuous
impact on rural industrial structure, farmers' income, public service carrying capacity and
regional innovation ecology [2, 3]. Therefore, how to identify the chain sinking path of
enterprises and describe the co-evolution relationship between it and rural revitalization have
become the key issues in the study of industrial digitalization and regional governance [4].

Existing studies mostly analyze from the perspective of industrial policy, enterprise
growth, rural industry integration or regional coordinated development, and discuss the
mechanism of specialized and new enterprises serving rural revitalization, but there are still
some limitations in the method level [5]. On the one hand, traditional studies often rely on
statistical yearbooks, questionnaire surveys or single economic indicators, which are difficult
to fully capture the complex relationship between enterprise operation status, industrial chain
relationship, geospatial layout, policy text, market transactions and rural development quality.
On the other hand, enterprise chain subsidisation has obvious spatio-temporal dynamics and
network correlation. Simply using linear regression, hierarchical evaluation or static index
weighting methods, it is difficult to explain the transmission process between industrial nodes,
and it is also difficult to predict the long-term impact of changes in subsidisation path on the
level of rural revitalization [6-8]. With the development of multimodal data acquisition,
natural language processing, graph neural network, time series prediction model and
intelligent optimization algorithm, multi-source data such as text, table, space, transaction,
public opinion and remote sensing are incorporated into the unified computing framework,
which has provided a new technical basis for enterprise sinking path identification and
collaborative evolution mechanism analysis [9].

Based on this, this paper focuses on the core relationship of "the chain sinking path of
specialized and special new enterprises - the co-evolution of rural revitalization”, and
constructs a multimodal data-driven computational analysis framework. Firstly, multi-source
information such as enterprise industrial and commercial information, patent achievements,
supply chain cooperation, policy texts, industrial park distribution, county economic
indicators and rural development data are collected, and a unified sample library is formed
through data cleaning, semantic coding, spatial matching and feature normalization. On this
basis, text semantic embedding, graph structure modeling and multi-modal feature fusion
methods are introduced to identify the key position, sinking direction and node connection
strength of the enterprise in the industrial chain. Furthermore, combining with indicators such
as rural industry development, employment absorption, resource utilization, innovation
diffusion and public service improvement, a synergistic effect measurement model is
constructed, and the time series prediction method is used to analyze the evolution trend of
rural revitalization level under different sinking paths. This study focuses not only on the path
identification accuracy of enterprise chain sinking, but also on the ability of the model to
explain the change of synergistic effects and the stability of prediction.

The main contributions of this paper are reflected in the following three aspects: first, the
multimodal data fusion method is introduced into the chain sinking research of specialized
and special new enterprises, breaking through the problem that it is difficult to express
industrial relations and policy semantics by a single structured data. Secondly, a path
identification model for industrial chain network is constructed, and the chain conduction
characteristics in the process of enterprise sinking are revealed through the correlation
calculation between enterprise nodes, industrial nodes and rural regional nodes. Third, the
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synergetic effect measurement and evolution prediction method of rural revitalization should
be established to evaluate the comprehensive impact of enterprise sinking from the
dimensions of industry driving, technology diffusion, employment promotion and regional
resilience. The research results can provide model support and data basis for specialized and
new enterprises to layout county industries, local governments to optimize investment chain
strategy, rural industry digital governance and regional collaborative development
decision-making.

2 Theoretical basis and related research

2.1 Modeling Theory of sinking path of industrial chain driven by
multimodal data

The sinking path modeling of industrial chain driven by multi-modal data is to integrate
enterprise operation data, industrial chain relationship data, policy text data, geospatial data,
market transaction data and rural development indicators into a unified computing framework.
Through feature coding, semantic representation, relationship reasoning and dynamic
prediction, the sinking path of industrial chain is modeled by the multi-modal data. Identify
the path law of the extension of specialized and new enterprises to the county and rural
industrial system [10]. The sinking of the industrial chain is not a simple spatial migration of
enterprises, but a process of diffusion of enterprise technology, orders, equipment, talents,
brands and supply chain collaboration to grassroots industrial nodes. The core of the modeling
is to transform enterprise nodes, industry nodes, regional nodes and rural resource nodes into
computable objects, and describe the connection strength, direction relationship and evolution
trend between different nodes [11-13].

At the data level, structured data can be used to describe enterprise scale, output value,
number of patents, order flow and employment absorption capacity. Text data can be used to
extract semantic features in policy orientation, enterprise announcement, industrial planning
and news public opinion. Spatial data can reflect enterprise layout, transportation accessibility,
industrial park distribution and rural resource endowment. Transaction and collaboration data
reflect the upstream and downstream relationship of enterprises in the supply chain [14].
Through multi-modal feature fusion, the information bias caused by a single data source can
be reduced, so that the model has the ability of industrial relationship identification, regional
matching analysis and development potential judgment at the same time.

At the algorithm level, the sinking path of the industrial chain can be represented as a
heterogeneous graph structure composed of multiple types of nodes. The graph neural
network can learn the potential association between enterprises, industries and regions, and
identify key enterprise nodes, core supporting nodes and suitable undertaking regions. For
policy text and enterprise description information, semantic models such as BERT and
Transformer can be used to extract deep semantic vectors, and then integrate them with
numerical features and spatial features [15, 16]. For the path change process, the time series
prediction model can be combined to analyze the dynamic changes of enterprise sinking
intensity, industrial coordination level and rural development state. Thus, a technical chain of
"data acquisition, feature coding, relationship modeling, path identification, evolution
prediction” is formed, which provides a theoretical basis for the chain sinking path analysis of
specialized and special new enterprises.
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2.2 Research status of the collaborative evolution of specialized and
special new enterprises empowering rural revitalization

Existing research shows that enterprise digital transformation is changing the organizational
coordination, resource allocation and value creation mode of small and medium-sized
enterprises, which provides a technical basis for specialized and new enterprises to participate
in rural revitalization. Pfister and Lehmann pointed out that the effect of digital
transformation of smes is not only reflected in technology investment, but also reflected in
process optimization, customer value and operational performance improvement, which
provides a reference for evaluating the industrial driving effect of enterprises after sinking
[17]. Szukits and Moricz emphasized that data-driven decision-making needs to be supported
by analysis culture and centralized management mechanism, indicating that enterprises should
rely on data capabilities to identify industrial demand, resource endowment and regional
matching relationships when extending to counties and villages [18]. Nucci et al. verified the
promotion effect of digital technology on the improvement of enterprise productivity,
indicating that specialized and special new enterprises can promote the upgrading of rural
industries through technology diffusion, process improvement and production coordination
[19]. However, Nell et al also pointed out that there was a risk of technological investment
being disconnected from strategic goals in the process of enterprise digitalization, suggesting
that the sinking of enterprises should not stop at the level of platform construction and data
collection, but also be embedded in the process of supply chain reorganization, industrial
collaboration and rural resource transformation [20].

From the perspective of regional coordination, the empowerment of rural revitalization by
specialized and new enterprises is an ecological evolution process with multi-subject
participation. Wurth et al. proposed that research on entrepreneurial ecosystem should focus
on subject interaction, resource combination and institutional environment, providing a basis
for understanding the collaborative relationship among enterprises, government, farmers and
service agencies [21]. Kennedy believes that community wealth creation depends on local
relationship network and continuous action, indicating that whether the long-term effect of
enterprise sinking can be formed depends on its connection degree with rural industrial
organization, employment structure and public value [22]. Burgin et al. research on digital
multilocalism shows that digital technology can weaken the space restriction between the
center and periphery, and help R&D, design, operation and maintenance links extend to rural
areas [23]. Gerli and Whalley pointed out that rural digital infrastructure is an important
condition to narrow the urban-rural digital divide, and also the support for enterprise data
exchange and the implementation of intelligent services [24].

In terms of rural digital application, Lindberg and Lundgren found that rural residents'
participation in digital services is affected by living environment and use experience,
indicating that enterprise technology sinking needs to pay attention to the acceptance of rural
subjects [25]. Rijswijk et al. proposed a socio-cyber-physical system framework for the
digital transformation of agriculture and rural areas, which provided a systematic perspective
for the analysis of rural revitalization co-evolution [26]. Gaw et al. pointed out that
multi-modal data fusion can improve the state identification and optimization ability of
complex systems, and is suitable for describing the sinking path of enterprises and the state of
rural development [27]. Sarafan et al. emphasized that knowledge sharing in supply networks
would affect collaboration performance, which also indicated that specialized and new
enterprises need to promote the diffusion of technology, orders and management experience to
rural industrial nodes through supply chain collaboration [28]. In general, the existing
research provides theoretical support for this paper, but the computational identification and
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co-evolution prediction of the chain sinking path are still insufficient.

3 The co-evolution model construction of the chain sinking
of specialized and special new enterprises and rural
revitalization driven by multimodal data

3.1 Overall model design of co-evolution between chain subsiding path
and rural revitalization

In order to describe the extension process of specialized and special new enterprises along the
industrial chain to county and rural areas, this paper constructs a multi-modal data-driven
chain subsidence path and rural revitalization co-evolution overall model. The model takes
enterprises, industrial chain links, regional nodes and rural resource units as the basic analysis
objects, and integrates multi-source data such as enterprise industrial and commercial
information, patent data, supply chain cooperation records, policy texts, industrial park
distribution, traffic location, rural industry indicators and remote sensing spatial information
into the unified computing framework. Through feature coding, heterogeneous graph
modeling, path reasoning, synergistic effect measurement and time series evolution prediction,
the chain sinking law of the expansion of specialized and special new enterprises from the
urban innovation end and manufacturing supporting end to the county processing end, rural
resources end and service application end is identified. The model emphasizes the dynamic
identification ability driven by data, which not only pays attention to the enterprise's own
ability and the position of the industrial chain, but also pays attention to the change of the
resource undertaking conditions and revitalization status in rural areas.

In the multi-modal feature representation layer, the model encodes structured data, text
data, spatial data and visual remote sensing data respectively. The structured data represent
firm size, R&D intensity, order capacity and employment contribution by numerical
normalization and category embedding. The deep semantics in policy orientation, enterprise
announcement and industrial planning are extracted by Transformer semantic encoding. The
spatial data depict the location of enterprises, transportation accessibility and rural resource
distribution through geocoding and distance matrix. Remote sensing or image data are used to
extract land use, industrial park morphology and infrastructure coverage features through
convolutional networks. The unified representation of multimodal features is as follows:

u;=MFA (a},a},a},a}) (1)
where ui represents the unified multimodal feature vector of the ith object, aj represents
structural features, a! represents textual semantic features, a;g represents geospatial features,
a; represents visual or remote sensing features, and MFA(-) represents the multimodal fusion
attention function. Through this representation, data from different sources are mapped to the
same feature space, which provides an input basis for subsequent reasoning about industrial
chain relationships.

In the modeling layer of industrial chain relationship, this paper constructs enterprise
nodes, industrial link nodes, regional nodes and rural resource nodes as heterogeneous graphs.
The edges in the graph represent relationships such as supply collaboration, technology
diffusion, spatial proximity, policy matching, and resource complementarity. For the
connection strength between any two nodes, the model comprehensively considers feature
similarity, relationship type and spatial constraint, and the calculation formula is as follows.
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efi=o (u Mu;+,-p, ) )

Here, & represents the connection strength between node i and node j under the
relationship type r, Mr Represents the mapping matrix corresponding to the relationship type r,
Br represents the regulation coefficient of the relationship type, pij represents the spatial
proximity or resource complementarity score, and o(:) represents the Sigmoid activation
function. The formula can incorporate enterprise capability, industrial chain relationship and
regional acceptance conditions into the calculation of edge weights, so that the identification
of sinking path of industrial chain has stronger semantic interpretation and spatial constraint
ability. Figure 1 shows the overall architecture of the model.
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Figure 1: The overall architecture diagram of the collaborative evolution model of the chain
sinking of specialized and special new enterprises and rural revitalization driven by
multimodal data
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In the path inference layer, the model generates candidate sinking paths based on
heterogeneous graphs. Each path is composed of enterprise node, industrial chain link node,
county undertaking node and rural resource node, reflecting the possible direction of
enterprise extension to rural industrial system from research and development, manufacturing,
supporting, processing, sales or service links. Path score comprehensively considers node
connection strength, regional undertaking capacity, path collaboration cost and industry
matching degree, and its calculation formula is as follows.

r =Z &y 0 3
" Ligper, T ®

Here, I'q represents the comprehensive score of the QTH candidate sinking path, L,
represents the set of edges included in the path, yj represents the acceptance fitness of node j,
Qq represents the path implementation cost, and A represents the cost penalty coefficient. The
higher the score, the better the path is in terms of industrial connection, resource matching
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and implementation feasibility. Through the ranking of path score, the model can screen out
the key chain sinking path suitable for specialized and special new enterprises to extend to
rural areas.

In the co-evolution layer, the model further analyzes the dynamic influence of the sinking
path of enterprises on the state of rural revitalization. The status of rural revitalization is
jointly characterized by indicators such as industrial development, employment absorption,
innovation diffusion, ecological resource utilization, improvement of public services and
regional resilience. Considering the accumulation and lag of the sinking effect of enterprises,
this paper uses the temporal state update mechanism to describe the change of regional states:

hZ(T)=(P (Ahhz(r'l)-i_Ap Z 9 1—‘q Oq(r)+Ach(T)> (4)
q=Q,

Here, hz(t) represents the rural revitalization state vector of region z at time t, hz(t—1)
represents the state at the previous time, Qz represents the set of sinking paths acting on
region z, 0q(t) represents the actual effect strength of path q at time t, cz(t) represents the
external environment and policy support vector of region. An, Ap, Ac represent the parameter
matrices of the historical state, path action, and external environment, respectively, and ¢(+)
represents the nonlinear activation function. The state update mechanism can reflect the
continuous impact of enterprise sinking behavior on rural development level, and provide a
basis for subsequent evolution prediction and path optimization.

In general, the overall model of this paper is composed of multimodal data layer, feature
representation layer, industrial chain heterogeneous map layer, path reasoning layer,
collaborative evolution layer and decision-making application layer. The model enhances the
expression ability of enterprises and rural nodes through multi-source data fusion, describes
the industrial chain relationship through the graph neural network, filters the subsidence
scheme through the path scoring mechanism, and evaluates the change of rural revitalization
status through the time series update model. Finally, the closed-loop analysis framework of
"data perception - path identification - effect measurement - state prediction - feedback
optimization™ is formed. The design can provide computer model support for the chain
sinking path selection of specialized and special enterprises, the assessment of county
industry undertaking capacity and the collaborative governance of rural revitalization.

3.2 Enterprise chain sinking path identification and multi-modal feature
optimization method

The key of path identification for enterprise chain sinking is to extract effective features that
can characterize enterprise capabilities, industrial associations, regional undertaking and rural
needs from multi-source data, and transform these features into computational representations
that can be used for path reasoning. In this paper, specialized and special enterprises,
industrial chain links, county industrial carriers and rural resource units are uniformly
abstracted as graph nodes, and supply cooperation, technology diffusion, order flow, spatial
proximity, policy matching and resource complementarity are abstracted as graph edges. On
this basis, a method framework of "multi-modal feature optimization-graph relational
learning-chain path identification” is constructed, so that the model can automatically
discover the potential path of enterprise extension to rural areas from complex industrial
networks.The overall process of enterprise chain sinking path identification and multimodal
feature optimization is shown in Figure 2.
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Figure 2: Flow chart of multimodal feature optimization and chain sinking path identification

In the data input stage, there are dimension differences in structured enterprise data,
semantic sparsity in text data, scale inconsistency in spatial data, and missing edges and weak
connections in supply chain relational data. In order to reduce the interference of data noise
on path identification results, the numerical features are standardized by missing perception.
The calculation formula is as follows:

Xpp~H
=Snp” %{I-Smp) X

)

beXs

n,p

where, X, represents the normalization result of object n on the PTH numerical feature, Xnp
represents the original value, pp and op represent the mean and standard deviation of the
feature, dnp represents the missing mark, and x, represents the missing filling value. This
processing can avoid model deviation caused by dimension differences of indicators such as
enterprise scale, patent number and order size.

For policy documents, enterprise announcements, industry news, and investment
promotion texts, we employ a Transformer encoder to extract semantic representations, so that
the model can identify the implicit relationship between policy orientation, industry keywords,
and enterprise development direction. The formula for calculating text semantic features is as
follows:

q;e’“zMeanPool (Transet (Dn)) (©)

Here, ¢ denotes the textual semantic vector of object n, Dn denotes the set of texts
associated with this object, Transe:(-) denotes the Transformer semantic encoder with
parameter 6:, and MeanPool(-) denotes the average pooling operation. In this way, the
industry direction, policy support and technical field information in the text can be
transformed into continuous vectors.

Spatial features are mainly used to describe the geographical links between enterprises
and county, park, transportation nodes and rural resources. In this paper, latitude and

longitude, traffic time, park distance and logistics accessibility are encoded as spatial
embedding vectors, which are calculated as follows:
qe°=ReLU(B,d5*+b,) (7)

Here, q&°° represents the spatial embedding result, dS*® represents the geographic and
traffic feature vector of object n, Bg represents the spatial mapping matrix, bg represents the
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bias term, and ReLU(-) represents the nonlinear activation function. The formula can
transform the spatial proximity relationship into features that can participate in depth
calculation.

In order to ensure that different modalities adaptively assign weights according to their
contributions in the fusion process, this paper introduces a modal reliability attention
mechanism to dynamically weight structural, textual, spatial and supply chain relationship
features. Modal weights are calculated as follows:

exp(cl tanh(G,q™))
an m:
™ Zvemexp (c] tanh(G,qY))

®)

Here, a,, represents the fusion weight of object n on modality m, M represents the set
of modalities, q' represents the feature vector of modality m, Gm represents the modality
mapping matrix, and cm represents the attention parameter vector. The weight can reflect the
importance of various types of data for path identification in different scenarios.

After the weight calculation is completed, the model generates multimodal optimized
features of the object for subsequent graph relationship learning and path search. The fusion
feature is expressed as follows:

r,=LayerNorm (z Oy.m Umq;n> 9)
meM

Here, rn represents the multi-modal optimization feature of object n, Um represents the
dimension alignment matrix of modality m, and LayerNorm(-) represents the layer
normalization function. This feature not only retains the enterprise's own capabilities, but also
integrates industrial relations, spatial location and policy semantic information.

In the path identification stage, the model determines whether there is an effective sinking
connection between enterprise nodes and regional nodes, industry nodes and rural resource
nodes according to node characteristics and relationship types. The edge relation
identification loss function is as follows:

=Y dog @y log (1-of,)rdl@I (10)
(a,b,r)EE (a,b,r)EE

Here, Jink represents the edge relationship learning loss, E* represents the set of real
positive sample relationships, E" represents the set of negative sample relationships, w,}
represents the predicted connection probability between node a and node b under the
relationship type r, T represents the regularization coefficient, ® represents the set of model
trainable parameters. After the model is trained, the weighted industrial chain graph can be
constructed according to the connection probability, and the chain sinking path of the
enterprise expansion from the core industry link to the county and rural nodes can be screened
through Top-K path search. The multimodal feature optimization variable configuration used
in this paper is shown in Table 1.
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Table 1: Multimodal feature optimization and chain sinking path identification variable

configuration table

Sample Size

Data Category Collected Content or Encoding Method Techn!cal
. . Function
Dimension
Represents
Registered capital, . enterprise
. Missing-aware . .
Enterprise revenue range, 12,846 o Innovation
. standardization .
Structured number of patents, enterprises, and cateqorical capacity and
Data proportion of R&D 42 fields ge industrial
embedding .
personnel, order scale undertaking
capability
_ Industrial poI|C|e§, Extracts policy
investment promotion ) .
. Transformer orientation and
Policy and announcements, 52,600 text . ) .
. semantic industrial
News Text enterprise reports, segments . .
. e encoding matching
project publicity .
semantics
documents
Enterprise Determines the
Spatial coordinates, industrial 3,218 : spatial
. : : Geocoding and -
Geographic park locations, regional : . accessibility of
S spatial embedding .
Data transportation time, nodes enterprise
logistics radius sinking paths
Upstream and
downstream Identifies
Supply Chain cooperation, 145,670 Heterogeneous industrial chain
Collaboration | procurement and sales | relational graph relation connection
Data relationships, edges encoding strength and
technical diffusion paths
collaboration records
Industrial foundation, Evaluates the
Rural labor structure, 2,084 Indicator undertakin
Undertaking infrastructure, township embedding and \aertaking
- ) . . suitability of
Data characteristic units normalized fusion
rural nodes
resources

It can be seen from Table 1 that path identification does not rely on a single enterprise
index, but integrates enterprise capabilities, text semantics, spatial location, supply chain
relationships and rural undertaking conditions at the same time. This method can improve the
accuracy of chain sinking path identification, and make the model more stable to find the
critical path with industry driving potential and rural revitalization value in complex regional
industrial networks.

3.3 Synergetics effect measurement and evolution prediction method of
rural revitalization

The core of measuring the synergy effect of rural revitalization is to transform the effects of
industrial drive, technology diffusion, employment absorption, resource conversion and
public service improvement generated by the chain sinking of specialized and special new
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enterprises into calculable, comparable and predictable state variables. Based on the
identification of the sinking path of enterprises and the optimization of multimodal features
completed in 3.1 and 3.2, this paper further constructs the measurement and evolution
prediction method of rural revitalization synergy effect. This method takes rural regional unit
as the analysis object, takes industrial development, innovation diffusion, employment quality,
infrastructure, ecological resource utilization and regional resilience as the main dimensions,
and integrates the effect strength of enterprise sinking path, regional carrying capacity and
time change trend into the model. The calculation process of "synergistic effect measurement
- time series state modeling - future trend prediction - path feedback adjustment™ was formed.

In the index processing stage, the sources of indicators related to rural revitalization are
complex, including structured indicators such as output growth rate, employment number, and
number of enterprise cooperation projects, as well as unstructured information such as policy
support texts, industry news, project publicity and remote sensing identification results. In
order to ensure that different indicators can enter the unified measurement space, this paper
uses the interval normalization method to deal with regional indicators, and its calculation
formula is as follows:

&, min (5)

ek max (&)-min (& )te

(11

Here, gk represents the standardized result of region g on the KTH rural revitalization
index, &gk represents the original index value, min(&k) and max(&k) represent the minimum
and maximum value of the index in all regions respectively, and ¢ is a small constant to
prevent the denominator from being zero. The processing can eliminate the dimension
difference of different indicators, so that the industry, employment, ecology and service
indicators can be jointly calculated in the same model.

In the measurement stage of synergy effect, this paper introduces the dimensional
attention mechanism to dynamically judge the contribution differences of different rural
revitalization dimensions in the process of enterprise chain sinking. Dimension weight is
calculated as follows:

exp (STGELU(R, 8, ) )

-
Tick exp (STGELU(R,9,))

n (12)

g,

Here, m,) represents the attention weight of the KTH dimension in region g, 9 represents
the standardized indicator vector of region g,k represents the rural revitalization evaluation
dimension set, Rk is the dimension mapping matrix, and sk is the attention parameter vector.
Through this formula, the model can adaptively adjust the measure weights of each dimension
according to the development foundation of different regions and the sinking type of
enterprises.

The score of the comprehensive synergy effect is determined by the state of the regional
indicators, the role of the sinking path of the enterprise and the regional carrying capacity, and
its calculation formula is as follows:

Ce(ly= EkEK g i g k(1) (1) vg(l) (13)

Here, Cg(l) represents the synergy effect score of region g at time step £, Sgk()
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represents the standardized index state at this time step, gg(£) represents the effect strength of
the sinking path of specialized and new enterprises on region g, and vg({) represents the
regional carrying capacity coefficient. The higher the score, the more fully the industrial
synergy and development drive between enterprise subsidence and rural revitalization. The
time series evolution prediction mechanism of the model is shown in Figure 3. The
mechanism takes the sinking signal of enterprises, industrial correlation data, rural
development indicators and policy environment information as the basic input, and forms a
dynamic state sequence that can be used for prediction after sequence cleaning, time window
division and time alignment. Then, the model extracts the evolution characteristics of rural
revitalization in the dynamic time embedding, cross-modal fusion and state memory modules,
and combines spatial-temporal dependency modeling, multi-step prediction and trend
inference to generate future synergy effect scores, rural revitalization change trends and path
adjustment suggestions. The feedback update link further modifies the historical state memory
and prediction parameters, so that the model can continuously adapt to the changes of
industrial relations and the fluctuations of regional development states in the process of
enterprise chain sinking.
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Figure 3: Diagram of time series evolution prediction mechanism

In order to further characterize the linkage propagation relationship between regions, this
paper constructs the spatio-temporal dependence coefficient, and incorporates the spatial
proximity, industrial association and synergistic effect differences into the unified calculation.
The formula is as follows:

T
D, ,(1)=Softmax <Zg(l)—\/lz;‘zb(l) +xg,b> (14)

Here, Dgb(£) represents the strength of spatial-temporal dependence between region g and
region b at time step £; zg(£) and zn(€) represent the dynamic state vectors of the two regions,
respectively; Ha represents the dependency mapping matrix; dz represents the dimension of
the state vector; and kgb represents the inter-region industrial ties or spatial proximity prior.
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This coefficient can reflect the diffusion and conduction of the sinking effect between
different regions.

In the prediction stage, this paper adopts the combination of time series Transformer and
gated update structure to learn the long-term dependence of rural revitalization status.
Regional dynamic state update formula is as follows:

z,(1+1)=GRU <zg(1),cg(1), ZbEN D, (I)Zb(l)> (15)

Here, zg({+1) represents the predicted state vector of region g at the next time step, N,
represents the set of neighborhoods with industrial or spatial associations with region g, and
GRU(-) represents the gated recurrent unit. The formula inputs the region's own state,
synergy effect score and neighborhood propagation state into the prediction module together,
which can improve the model's ability to capture lagged effects and linkage changes.

In order to ensure the stability of measurement results and prediction results at the same
time, a multi-task loss function is used in model training, and the synergy effect fitting error,
future state prediction error and model complexity constraints are jointly incorporated into the
optimization objective. The formula is:

—L a 2 L & k% 2
Levo_|G| ZgEG(Cg_CZ) Jr|G| dec||zg_zg||2 I (16)

Here, L., represents the evolutionary prediction loss, C, represents the synergy score
predicted by the model, C; represents the true or calibrated synergy label, Z, represents the
predicted state vector, z, represents the actual state vector, Ae represents the regularization
weight, and ¥ represents the set of parameters of this prediction model. The loss function can
simultaneously constrain the measure accuracy and prediction stability.

In general, the method in this section extends the rural revitalization synergy effect from
static evaluation to dynamic evolution analysis through index normalization, attention weight
allocation, synergy effect score calculation, spatio-temporal dependence modeling, and
multi-task prediction optimization. The model can not only judge the current contribution of
the subsidisation of specialized and special new enterprises to rural revitalization, but also
predict the subsequent development trend, and provide computer-aided decision-making basis
for the subsidisation path adjustment, resource allocation optimization and regional
collaborative governance.

4 Experimental results and analysis

4.1 Experimental environment Configuration and multi-modal sample
data set construction

In order to verify the effectiveness of the multimodal data-driven model in the identification
of the chain sinking path of specialized and special enterprises and the prediction of the
co-evolution of rural revitalization, this paper constructs a comprehensive experimental
dataset oriented to enterprises, industrial chains and rural areas. The experimental data mainly
come from the public information of enterprises, patent and intellectual property data,
upstream and downstream cooperation records of the industrial chain, local policy texts,
county industrial statistics, transportation location data and rural development indicator data.
After data collection, the enterprise name, unified social credit code, regional code and
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industry classification are unified, duplicate records and abnormal samples are deleted, and
the preprocessing is completed by using missing value imputation, interval normalization, text
segmentation, semantic vector coding and space coordinate mapping. Finally, a multi-modal
sample library containing enterprise capabilities, industrial collaboration, policy semantics,
spatial location and rural acceptance conditions was formed.

The experimental running environment uses Windows Server 2019 operating system, the
core computing module is implemented based on Python 3.10 and PyTorch 2.1, the text
semantic encoding part uses Transformer structure, and the graph relationship learning part
uses heterogeneous graph neural network. The time series prediction part adopts the
prediction structure combining GRU and Temporal Transformer. The hardware configuration
is Intel Xeon Silver 4214R processor, NVIDIA RTX 3090 GPU and 128 GB memory, which
can meet the needs of multi-modal feature extraction, graph structure training and rolling
prediction calculation. The dataset was divided into training set, validation set and test set
according to 7 . 1.5 : 1.5. The training set was used for parameter learning, the validation set
was used to adjust the fusion weights and model hyperparameters, and the test set was used to
evaluate the effect of chain sinking path identification and co-evolution prediction. To ensure
the stability of the experimental results, each group of experiments was repeated five times,
and the average value was taken as the final result. The composition of multimodal sample
data is shown in Table 2.

Table 2: Multi-modal sample data composition table

Data Category Collected Content Sam_ple S'.Ze Preprocessing Method|  Technical Function
or Dimension
. . Represents the
Registered capital, years L . ) .
: - Deduplication innovation capacity and
. since establishment, 12,846 - . : . L
Enterprise X cleaning, missing industrial driving
revenue range, number of | enterprises, . . .
Structured Data . . value imputation, foundation of
patents, proportion of 42 fields |. I L
interval normalization specialized and
R&D personnel - .
sophisticated enterprises
Upstream and downstream Enterprise entity
Industrial Chain| cooperation, procurement | 145,670 alignment, relation | Constructs the industrial
Collaboration | and sales relationships, relational | type annotation, edge | network relationship for
Data joint R&D, project edges weight enterprise chain sinking
supporting records standardization
inl\?edsl':rsggﬁtl pg:ﬁg?&ﬂ Word segmentation Extracts policy
Policy and Text P . | 52,600 text | cleaning, stop-word | orientation, industrial
announcements, enterprise o - .
Data . S segments | filtering, Transformer | matching, and regional
reports, project publicity . - .
texts semantic encoding support semantics
. .Enterp_rlse coordlna_tes, 3,218 GEOCOdmg’ . Determines the spatial
Spatial industrial park locations, . coordinate correction, -
. Lo regional : X accessibility of
Location Data | transportation distance, distance matrix S
- I nodes . enterprise sinking paths
logistics accessibility time calculation
Industrial foundation, 2,084 Indicator unification,
Rural employment structure, . i : Measures rural
' . township outlier correction, . .
Development infrastructure, public - - undertaking capacity and
. - units, 36 comprehensive o9
Data services, characteristic S A revitalization status
indicators standardization
resources
Land use, road density, 6,200 . L Assists in identifying
Remote ! ; Size cropping, image X ;
. construction land changes,| regional rural industrial space
Sensing . . . . enhancement, CNN LI
- industrial spatial image : and resource utilization
Auxiliary Data SR feature extraction .
distribution patches characteristics
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It can be seen from Table 2 that the experimental data in this paper cover enterprise
capability, industrial collaboration, policy semantics, spatial location, rural development and
remote sensing auxiliary information, which can completely support chain sinking path
identification and co-evolution prediction. The construction of the multi-modal sample library
provides a unified data basis for subsequent algorithm comparison, feature ablation and
stability verification.

4.2 Comparison and analysis of identification effect of chain sinking path
under different algorithms

In order to verify the effectiveness of the model in the chain sinking path identification task of
specialized and special new enterprises, Random Forest, XGBoost, GCN and GAT are
selected as comparison algorithms, and experiments are carried out under the same training
set, validation set and test set conditions. The evaluation metrics include Accuracy, Precision,
Recall, F1-score, and AUC. The overall results show that traditional machine learning
methods have certain adaptability to structural features, but their performance is limited when
dealing with enterprise relationships, spatial dependencies and multi-modal semantic
information. Although the graph neural network method can depict the industrial chain
correlation, the fusion depth of heterogeneous modal information is still insufficient. Figure 4
shows the performance comparison of the chain sinking path recognition under different
algorithms.

84.8
Random Forest 83.1
83.9
87.9
87.1
86.5
XGBoost 84.8
85.9
89.4
8 89.2
g 88.4
= GCN 87.1
S 87.8
= 91.1
90.4
GAT -
89.2
91.7
93.8
92.9
Proposed Model 91.7
92.3
95.1
70 75 80 85 90 95 100

Performance (%)

I  Accuracy BN Precision N Recall EEN Fl-score N AUC

Figure 4: Bar charts comparing the performance of chain sinking path recognition under
different algorithms

As shown in Figure 4, the proposed model performs best in all indicators, with Accuracy
of 93.8%, Precision of 92.9%, Recall of 91.7%, F1-score of 92.3%, and AUC of 95.1%.
Compared with GAT model, the Accuracy is increased by 3.4 percentage points, and the
F1-score is increased by 3.1 percentage points. Compared with the GCN model, the AUC was
increased by 4.0 percentage points. Compared with Random Forest and XGBoost, the
proposed model improves the Recall index by 8.6 percentage points and 6.9 percentage points

15



Yang et al.

respectively. It can be seen that the method of fusing multimodal feature optimization and
chain relationship modeling can more accurately identify the sinking path of enterprises, and
maintain good recognition stability in complex industrial network scenarios.

4.3 Analysis of the influence of multi-modal feature fusion on the
prediction performance of co-evolution

In order to investigate the contribution of different modal information to the prediction results
of co-evolution, this paper sets up five groups of experiments under the same training
conditions: "structured data only", "structured + text", "structured + text + space", "structured
+ text + space + supply chain" and "full modal integration™, and focuses on comparing the
changes of the model in indicators such as RMSE, MAE and R= The results show that
although the single structured data can reflect the enterprise scale, innovation input and rural
development foundation, the description of industrial synergy and policy semantics is still
limited. With the gradual addition of text semantics, spatial location and supply chain
correlation information, the model's ability to identify the impact path and regional evolution
trend of chain subsidence continues to enhance. Taking the RMSE change as an example,
Figure 5 shows the improvement of coevolution prediction error by different modal
combinations.

0.22 -
0.20 -
0.186
0.18 1 ! 0.175

-0.011 0.161

0.16 - s
0.014 .
0.142
014 N @444 ——
-0.019
0.121
0.12 -

0.10 -

RMSE

Structured Only + Text + Spatial + Supply Chain Full Multimodal

Figure 5: Waterfall plot of performance improvement of co-evolution prediction by different
modal combinations

The waterfall chart shows that after the model is extended from "structured data only" to
"full modal fusion”, the RMSE decreases from 0.186 to 0.121, with a cumulative decrease of
34.9%. MAE decreased from 0.143 to 0.089, decreasing by 37.8%; R=increased from 0.781
to 0.914. The introduction of text modality mainly improves the expression of policy support
and industry-oriented information, the spatial modality strengthens the linkage characteristics
of regional acceptance conditions and location, and the supply chain modality further
enhances the ability to describe the chain sinking relationship of enterprises.Figure 6 shows
the strip plot of the confidence interval between the true value of the co-evolution prediction
and the rolling prediction value.
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Figure 6: Strip chart of confidence intervals between true and rolling prediction values of
co-evolution prediction

It can be seen that the model can better fit the real change trajectory of synergistic effects
in the historical stage, and maintain a relatively stable trend extension ability in the future
rolling prediction stage. The predicted mean value is basically near the real value, and the
confidence interval bandwidth expands moderately with the increase of prediction step size,
which conforms to the uncertainty propagation law of time series prediction. Within six
rolling prediction time steps, the proportion of the true value falling into 95% confidence
interval reaches 93.7%, and the mean absolute error is controlled within 0.031, which
indicates that the constructed multi-modal fusion model not only has good prediction accuracy,
but also has strong trend stability and interval estimation ability. In general, multi-modal
feature fusion can significantly improve the prediction performance of co-evolution, and
provide more reliable data support for subsequent enterprise sinking path optimization and
rural revitalization dynamic decision-making.

4.4 Analysis on the driving effect of specialized and special new
enterprises sinking on rural revitalization indicators

After completing path identification and co-evolution prediction, this paper further analyzes
the driving effect of the chain sinking of specialized and special new enterprises on each
dimension index of rural revitalization. Considering that enterprise subsidence is not a single
economic input, but a continuous transmission of technology, orders, talents, brands and data
capabilities to county and rural nodes, this paper selects five dimensions of industrial
development, employment absorption, innovation diffusion, public services and resource
utilization to compare the synergistic effects under different subsidence intensities and
different subsidence paths. The results show that enterprise chain subsidence can significantly
improve the comprehensive score of rural revitalization, but the response speed and
improvement range of different dimensions are not consistent. Among them, industrial
development and innovation diffusion are more sensitive to the intensity of enterprise
subsidence, while employment absorption and public service improvement show a certain lag.
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Figure 7 shows the relationship between enterprise subsidence intensity and rural
revitalization dimension response.
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Figure 7:Three-dimensional surface diagram of the relationship between the sinking intensity
of enterprises and the dimensional response of rural revitalization

Figure 7 shows that as the sinking intensity of enterprises increases from 0.20 to 1.00, the
comprehensive synergy effect score of rural revitalization increases from 0.47 to 0.88,
showing a continuous strengthening trend. From the sub-dimension results, the innovation
diffusion dimension improved the most significantly, with the score increasing from 0.49 to
0.91. The industrial development dimension increased from 0.46 to 0.89; The resource
utilization dimension was increased from 0.44 to 0.82; The dimensions of employment
absorption and public service increased from 0.43 and 0.41 to 0.79 and 0.76, respectively. The
surface change shows that when the subsidence intensity is above 0.55, the response speed of
each dimension is significantly accelerated, indicating that after the enterprise subsidence
reaches a certain scale, a stronger superposition effect will be formed through supply chain
expansion, technology spilt and industrial agglomeration.

In this paper, the typical paths are divided into four categories: technology diffusion type,
supply chain embedding type, resource transformation type and service leading type, and the
ridge plot is used to compare the distribution difference of synergistic effects of each path in
the sample area.Figure 8 shows the distribution of synergistic effects of different chain
sinking paths.
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Figure 8 :Ridge diagram of synergistic effect distribution of different chain sinking paths

Figure 8 shows that the synergistic effect distribution of the technology diffusion path is
the most right, with an average value of 0.84, and the high value interval is relatively
concentrated, indicating that this path has the best performance in industrial upgrading and
innovation driving. The mean value of the supply chain embedded path is 0.81, and the
distribution is relatively stable, indicating that it has strong support for the promotion of
county supporting capacity and employment promotion. The mean value of the resource
transformation path is 0.76, and the distribution is wide, which reflects the influence of the
difference of resource endowment in different regions on the effect release. The service-led
path has a mean of 0.72, which, although the overall level is slightly lower, has
complementary advantages in terms of public service improvement and consumption
activation. On the whole, the proportion of high-value samples of the technology diffusion
path and the supply chain embedding path reached 36.8% and 32.5%, respectively, which
were significantly higher than those of the resource transformation path and the service
leading path. Therefore, there are significant differences in the direction and intensity of the
effect of different chain subsidence paths on rural revitalization, and the path with technology
diffusion and supply chain embedding as the core is easier to form a sustained and stable
synergistic gain.

45 Path optimization effect and stability verification of co-evolution
model

The path optimization takes the score of the candidate sinking path, the suitability of the
regional undertaking and the predicted value of the synergy effect as the joint goal, and
screens the enterprise sinking schemes with high collaboration and high stability on the basis
of ensuring that the prediction error is controllable. In order to verify the comprehensive
performance of the proposed collaborative evolution model in path optimization and stability,
this paper compares the proposed model with the basic model, the multimodal fusion module
removal model, the time series prediction module removal model and the traditional weighted
decision-making model, and evaluates it from three aspects: the comprehensive synergy effect
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score, the prediction error and the stability index. The path optimization effect and the
distribution of the model stability Pareto front are shown in Figure 9.
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Figure 9: Bubble plot of Pareto front between path optimization effect and model stability

It can be seen that the bubbles corresponding to the proposed model are concentrated in
the frontier optimal region, and a higher comprehensive synergy score is obtained under the
condition of a lower prediction error, while maintaining a larger stability bubble scale.
Specifically, the comprehensive synergy effect score of the proposed model reaches 0.89, the
prediction error is reduced to 0.072, and the stability index is 0.93. Compared with the basic
model, the comprehensive score is increased by 11.3%, and the error is decreased by 24.2%.
Compared with the traditional weighted decision model, the stability index is increased by
13.4%. This shows that the constructed co-evolution model can not only provide a better path
scheme for enterprise chain sinking, but also maintain good robustness and decision reliability
under multiple scene disturbances.

5 Conclusion

Focusing on the co-evolution problem of the chain sinking of specialized and special
enterprises and rural revitalization, this paper constructs a computational model that integrates
multi-modal feature optimization, heterogeneous graph relational learning and time series
prediction. The study shows that the joint modeling of structured firm data, policy text, spatial
location, supply chain collaboration and rural development indicators can more completely
depict firm capabilities, industrial connectivity and regional acceptance conditions. The
experimental results verify the effectiveness of the model. The Accuracy, Precision, Recall,
F1-score and AUC of the proposed model reach 93.8%, 92.9%, 91.7%, 92.3% and 95.1%,
respectively. It is superior to comparison algorithms such as Random Forest, XGBoost, GCN
and GAT. The multi-modal fusion further improves the prediction performance of
co-evolution, the RMSE is decreased by 34.9%, the MAE is decreased by 37.8%, and the R=
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is increased to 0.914. The driving effect analysis showed that when the enterprise sinking
intensity increased from 0.20 to 1.00, the comprehensive synergy effect score of rural
revitalization increased from 0.47 to 0.88, and the technology diffusion and supply chain
embedding paths were more stable. In the path optimization verification, the comprehensive
score of the model reaches 0.89 and the stability index reaches 0.93. In the future, real-time
industrial monitoring data and cross-regional transfer learning mechanism can be further
introduced to enhance the generalization ability of the model in different regions and complex
industrial scenarios.
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