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SUMMARY: Under the dual carbon strategy, the integration of production and education
needs to jointly model the resource allocation mode of education supply, enterprise demand
and carbon constraint. In this paper, we propose a framework for resource allocation and
collaborative effectiveness evaluation based on heterogeneous graph representation and
temporal interaction analysis. Data from 312 enterprises, 27 institutions, 468 collaborative
projects, and 5184 resource records are coded as a school-enterprise collaboration graph,
where courses, lecturers, equipment, projects, and positions are treated as heterogeneous
nodes. On this basis, a collaborative efficiency scoring model is constructed to evaluate the
matching accuracy, response time delay, resource utilization, carbon compliance rate and
comprehensive efficiency index. The experimental results on 1236 configuration instances
show that the proposed method is superior to the comparison methods, the matching accuracy
reaches 90.4%, the average response time is reduced to 14.3 minutes, the resource utilization
rate is 88.2%, the carbon compliance rate is 91.8%, and the comprehensive efficiency index is
0.933. The results provide interpretable, data-informed, low-carbon decision support for
cross-organizational resource coordination in vocational education and industry training
Settings.

KEYWORDS: Dual carbon strategy; Integration of industry and education; Resource
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1 Introduction

Under the background of "double carbon" strategy, industrial structure adjustment and green
production process reconstruction are synchronized, and the integration of production and
education is not a form of cooperation between colleges and enterprises, but a resource
linkage system for low carbon transformation needs. There is a coupling relationship between
curriculum system, training equipment, enterprise projects, job requirements and carbon
emission constraints. If the allocation is still driven by experience or static, it is easy to cause
supply-demand dislocation, loose collaborative links, resource fluctuations and feedback lag.
The development of computer technology provides the realization basis for this scenario. With
the help of multi-source data coding, heterogeneous relationship modeling and graph
computing, school-enterprise collaboration activities can be transformed into analysiable,
computable and traceable digital processes, forming a technical support framework for
resource allocation and collaboration efficiency measurement.
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Existing research has provided a methodological foundation for related work from the
perspectives of digital transformation, intelligent decision-making and sustainability
assessment. Dolawattha et al. [1] introduced machine learning methods around the
sustainability evaluation of mobile learning framework for higher education, and showed that
resource usage status, behavioral characteristics and effectiveness results in educational
activities could be quantitatively expressed in a data-driven way. Jokhan et al. [2] pay
attention to the auxiliary role of artificial intelligence in student performance judgment under
the background of the growth of digital resource consumption in higher education institutions,
and propose that resource usage data not only has management value, but also can enter the
link of decision analysis. Fleaca et al. [3] discussed the challenges of digital transformation of
higher education and pointed out that resource integration, platform support and governance
coordinately depend on stable data structure and digital infrastructure. Oliveira et al. [4]
proposed the digital transformation path of Education 4.0, emphasizing that intelligent
systems, automated processes and data sharing mechanisms can promote the reconstruction of
education scenes. Mabi¢ et al. [5] discussed the digital transformation of higher education
institutions from the perspective of regional development, and showed that the allocation of
institutional resources has been closely related to regional industrial demand, technological
capability diffusion and collaborative network structure. These studies show that the resource
allocation in the industry-education integration scenario cannot stay at the level of statistical
classification or empirical judgment, but should turn to the realization path combining
computational expression, relationship modeling and dynamic evaluation.

However, most of the existing results regard educational resources, enterprise needs or
digital platforms as relatively independent analysis objects, and the overall description of the
industry-education integration resource system under the constraint of "double carbon™ is still
insufficient. On the one hand, there are multi-subject, multi-type and multi-scale connections
among courses, equipment, projects, positions, teachers and enterprise tasks, and it is difficult
to present collaborative structures in conventional tabular descriptions. On the other hand,
there is a linkage relationship among carbon emission intensity, equipment energy
consumption, task timeliness and resource occupancy. Without a unified calculation
representation, the configuration results often only reflect the partial matching degree, and it
is difficult to reveal the real efficiency of the collaborative process. At the same time, the
activities of production and education integration are sequential, and the collaborative tasks
will continuously generate interactive data from release, matching, execution to feedback.
Static evaluation methods are difficult to reflect the changes of collaborative status. It can be
seen that the research of industry-education integration for the "double carbon” strategy needs
to reconstruct the resource organization logic from the perspective of computer, and integrate
multi-source heterogeneous data, low-carbon constraint characteristics and school-enterprise
collaboration into the same computing framework.

Based on this, this paper constructs a computing framework that integrates multi-source
heterogeneous data coding, low carbon constraint feature extraction, school-enterprise
collaboration graph modeling and collaboration effectiveness evaluation for the resource
allocation scenario of production and education integration under the "double carbon” strategy.
The research focuses on three aspects: transforming scattered resources into structured
representation, transforming the interaction process of schools and enterprises into graph
relationship expression, and transforming the collaboration results into a comparable
efficiency index system. The framework aims to improve the accuracy of resource allocation,
the stability of collaborative response and the consistency of low-carbon constraints, and
provide interpretable technical basis for cross-organizational resource linkage in vocational
education and industrial training scenarios.
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2 Related work

2.1 Research on resource allocation of industry-education integration
under the ""Double Carbon™ strategy

The "double carbon” strategy has promoted the synchronous reorganization of industrial
structure, technology system and talent training mode, and the resource allocation of
production and education integration has also changed from the traditional school-enterprise
docking activities to the compound resource linkage process for green manufacturing, digital
production and regional coordination. Course content, training equipment, teacher structure,
enterprise positions, project tasks and energy consumption constraints are no longer separate
elements, but together constitute a collaborative system with dynamic association and
multi-agent participation characteristics. Around this change, there have been systematic
discussions from the perspectives of education digitization, school-enterprise collaboration
and cooperation mechanism.

Steclota and Wolniak[6] studied the diffusion of innovative e-learning tools in Polish
higher education under the background of the epidemic, and proposed that the rapid entry of
digital tools had changed the transmission mode and organizational boundaries of teaching
resources, and also made the allocation of resources begin to have the characteristics of
platform and data. Cudié et al. [7] studied the influencing factors of university-industry
collaboration in European countries, and pointed out that institutional support, cooperative
culture and subject ability would jointly affect the efficiency of resource flow and the stability
of collaborative relationship. Kleiner-Schaefer and Schaefer[8] studied the enterprise-level
barriers to school-enterprise collaboration in emerging markets, and proposed that information
asymmetry, organizational boundaries and coordination costs would weaken the docking
quality of cooperative resources. Arshed et al. [9] studied the driving factors of cooperation
between academia and industry from the perspective of time and space, and proposed that
regional proximity, knowledge base and environmental conditions would shape the spatial
distribution and cooperation intensity of collaborative networks. Fernandes and O 'Sullivan
[10] studied the management practice of large-scale university-industry R&D cooperation
projects, and proposed that task allocation, schedule control and information sharing
mechanisms directly affect the execution quality of collaborative activities.

These studies show that the resource allocation of industry-education integration cannot
only rely on experience matching or linear arrangement, but should be more refined by
combining digital platforms, collaborative links and resource states. Existing results provide
strong support for cooperation conditions, collaboration structure and project operation mode,
but the research focus is still on mechanism induction, case analysis and organizational level
explanation, and the unified description of heterogeneous resources such as courses,
equipment, teachers, positions, projects and energy consumption is not sufficient. The
complementarity, substitution, priority and temporal dependencies among resources do not
always enter the same computing space. As a result, the configuration process has
management logic, but lacks computable structure representation.

From the perspective of computer, the resource allocation of industry-education
integration essentially belongs to the relationship organization task between multi-source
heterogeneous objects. Different subjects have different attribute dimensions, and there are
also significant connection directions, response delays and constraint strength between
different resources. If only static forms or single-layer indicators are used to describe resource
supply and demand, it is difficult to reflect the real coupling state in school-enterprise
collaborative activities, and it is difficult to serve the subsequent collaborative efficiency
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measurement. Based on this understanding, the research on resource allocation of
production-education integration under the "double carbon" strategy needs to further
transform digital platform records, project flow data, equipment operation status and carbon
constraint information into a unified data representation, which provides a stable data basis
and modeling entry for resource collaborative computing and efficiency evaluation.

2.2 Research on resource collaborative computing and efficiency
evaluation method

With the development of education digitization and intelligent decision-making technology,
resource collaborative computing and effectiveness evaluation have gradually shifted from
manual judgment to data-driven and model-aided parallel implementation paths. For the
industry-education integration scenario, the collaborative effectiveness is not only reflected in
whether the resources are allocated, but also reflected in the response speed, utilization
balance, execution stability and green consistency after configuration. Around this direction,
many methods have been accumulated from machine learning, digital transformation,
intelligent feedback and cooperation effectiveness analysis, which provide reference technical
support for collaborative computing.

Villegas-Ch et al. [11] studied the sustainable method of using machine learning to
improve the retention rate of university students, and proposed that learning behavior data can
enter the prediction and support link, so as to make the resource allocation more targeted.
Kagzi et al. [12] studied the technical path for the sustainable development of machine
learning services, and proposed that the deployment of intelligent models should be consistent
with green goals, data governance and decision execution, which provides a method reference
for the collaborative evaluation of "double carbon™ constraint access. Puliga et al. [13] studied
the driving factors of the failure of industry-university-research cooperation in the context of
open innovation, and proposed that the effectiveness of cooperation is affected by the
relationship structure, organizational collaboration and communication mechanism, indicating
that the collaboration state needs to be analyzed from the perspective of multivariate coupling.
Babalola and Genga[14] studied the challenges and opportunities in the digital transformation
of African higher education, and proposed that digital platforms, data circulation and
management capabilities jointly determine the operational quality of collaborative activities.
Agostini and Picasso[15] studied the application of large language model in sustainable
evaluation and feedback of higher education, and proposed that intelligent feedback
mechanism could improve evaluation timeliness and interactive response ability, and make
dynamic evaluation more real-time and adaptive.

These results show that resource collaborative computing has the technical foundation
from behavior recognition, state aggregation to result evaluation, but the research for
industry-education integration still needs to further strengthen the structural expression. The
existing methods mainly focus on a single type of object, a single type of task or a single
evaluation goal, and rarely deal with the collaborative state under the joint action of
multi-agent resources, cross-organizational interaction and low-carbon constraints. Whether
the resource allocation is reasonable depends not only on whether the matching is completed,
but also on whether the resource allocation can maintain low response delay, high utilization
efficiency and stable cooperation intensity. Without a unified data representation and
computing framework, platform logs, project archives, equipment status and management
evaluation are often separated, and it is difficult to form a continuous judgment chain.

From the perspective of information system and graph computing, resource collaborative
computing needs to treat objects such as courses, equipment, posts, teachers, enterprises and
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projects as nodes with attribute differences and relationship strength, and treat task flow,
collaboration frequency, call sequence and carbon consumption as aggregable side
information, and complete state expression, relationship update and index generation in a
unified graph structure. Only in this way, collaborative effectiveness evaluation can no longer
stop at the level of result summary, but enter into the joint measurement of configuration
process and execution state. Therefore, this paper puts resource collaborative computing and
efficiency evaluation into the same method link to ensure that resource allocation, process
interaction and green constraints can form a closed-loop expression.

2.3 Limitations of existing studies

Existing studies have provided a rich foundation from the aspects of intelligent
decision-making, cooperative performance, digital capabilities and regional collaboration, but
the integrated computing framework that directly serves the resource allocation and
collaborative efficiency evaluation of industry-education integration under the "double
carbon™ strategy is still rare. Most of the existing works can explain why cooperation occurs,
what factors affect collaboration, or how data capabilities improve organizational
performance. However, few of them put resource objects, collaborative behaviors, temporal
processes, and low-carbon constraints into the same data space for unified expression.
Therefore, there is often a lack of continuous, clear and traceable technical link between
resource allocation results and collaborative effectiveness evaluation.

Funda and Francke[16] studied the operation decision support system of ICT departments
in universities driven by artificial intelligence, and proposed that platform data and intelligent
analysis can improve the efficiency of internal decision-making, but the research object
mainly focused on the internal process of a single institution. Rossi et al. [17] studied topic
proximity and cooperation effect in the impact report of university-industry cooperation, and
proposed that topic detection could be used to identify differences in cooperation content, but
the analysis still focused on the text layer. Tereshchenko et al. [18] studied the key success
factors in school-enterprise collaboration activities, and proposed that the collaboration
conditions at the practical level were significantly context-dependent, indicating that the
quality of cooperation was restricted by multiple factors. Cantner et al. [19] studied the
influencing factors of scientific and technological cooperation output and their
interdependence, and proposed that the cooperation result is the comprehensive performance
after the coupling effect of multiple variables. Hojeij[20] summarized the overall pattern of
university-industry cooperation in the Arab world and pointed out that there were obvious
differences in the structure, mechanism and resource flow path of regional cooperation
ecology. Fosso Wamba et al. [21] studied the relationship between artificial intelligence
capability, data-driven culture and organizational performance, and proposed that data
capability is an important intermediary condition for intelligent decision-making to play a
role.

To more clearly present the differences between the existing research and the focus of this
paper, Table 1 compares the research objects, main contributions and limitations of
applicability of the relevant literature.
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Table 1: Comparison of existing related studies

References Research Object Main Contribution Main Limitation

Focused on internal

Intelligent Constructed an Al-driven | scenarios within a single

decision-making in

[16] university ICT N operational institutioq and lacked
departments decision-support process cross-entity resource
collaboration modeling
University—industry Ideptified thematic Emphasi;ed text analysis
[17] collaboration impact proximity and Impact and d.'d not form a
reports dlfference§ in computational plpel_me for
collaboration resource allocation
Key success factors in Extract_eq practical _Relieq on empirical
[18] school—enterprise _ cond!tlons and . induction and Iac}«_ed
collaboration mfluencmg fact(_)r_s in support fr<_)m a unified
collaborative activities computational model

Explained the formation

Outputs of science— ;
mechanism of

industry collaboration

Did not jointly model
resource nodes,

[19] and their influencing coﬂ?]zgiartr:ﬂ?ﬁ??atgforres collaborative behaviors,
relationships coupling and low-carbon constraints
Summarized structural
. N . Focused on macro-level
Regional university— and mechanism comparison and lacked
[20] industry collaboration differences across mifro-level feSOUICe
ecosystems regional collaboration ) .
systems matching analysis
- Clarified the mediating Did not ad(_jress the
Al capability, data e scenario of industry—
role of data capability in . .
[21] culture, and intelligent education integration
organizational decision-?nakin resource allocation and
performance performance g collaborative efficiency

evaluation

On the whole, there are three obvious gaps in the existing research. Firstly, the
heterogeneous attributes of resource objects have not been uniformly encoded. The
information of courses, equipment, projects, positions, teachers and energy consumption is
usually scattered in different systems, which lacks a unified representation for collaborative
computing. Second, there is a lack of structured expression for the dynamic change of the
school-enterprise collaborative relationship. Most studies can describe the conditions of
cooperation, but it is difficult to describe the continuous changes of resource call, task flow,
response delay and cooperation intensity. Third, low carbon constraints mostly stay in the
background target layer, and have not really entered the index calculation process of resource
allocation and efficiency evaluation. These deficiencies will weaken the comprehensive
judgment ability of the model on the rationality of resource allocation, the stability of
collaborative execution and green consistency.

Based on the above understanding, this paper will carry out research from three levels:
multi-source heterogeneous data coding, school-enterprise collaboration graph modeling and
collaboration efficiency index calculation. In this method, resource management,
collaborative execution and result evaluation are no longer handled separately, but are
integrated into the same data semantics and the same computing framework to enhance the
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ability of interpretation, comparison and application migration of the model. This also
constitutes a realistic starting point for the subsequent method design and experimental
validation of this paper.

3 Methods

3.1 Multi-source heterogeneous production-education integration data
coding and low-carbon constraint feature construction

In order to make the resources of courses, equipment, jobs, projects, teachers, enterprises and
students in the industry-education integration scenario under the "double carbon™ strategy
enter the unified computing space, this paper firstly constructs the multi-source heterogeneous
data coding and low carbon constraint feature generation process. The original data came
from the teaching management platform, the training scheduling system, the enterprise project
ledger, the equipment operation log, the post release record and the carbon emission
monitoring interface. The data from different sources had obvious differences in field form,
time granularity, semantic scale and update frequency. If splicing is carried out directly, it is
easy to cause resource state dislocation, relationship fracture and constraint distortion. Based
on this, this section does not understand the coding processing as simple field unification, but
completes entity identification alignment, behavior event compression, energy consumption
label mapping and low-carbon constraint embedding synchronically, so that the subsequent
resource allocation calculation is based on data with consistent structure, stable semantics and
sustainable update.

In order to eliminate the semantic drift caused by the source difference of course,
equipment, post and project nodes, and maintain the expression stability in the unified vector
space, the embedding function of basic resource nodes is shown as follows:

xi = o(Wad; @ Wecf @ Wis; @ Wppf) O gy @

Here, x' represents the base representation of the i resource node at time t, d;
represents the discrete attribute embedding, cf represents the continuous state vector, s;
represents the text description coding, p! represents the time location coding, ()
represents the node type gating matrix, @ represents the splicing operator, and o(:)
represents the nonlinear mapping function. This formula compresses multiple source
attributes into a unified representation, so that course semantics, equipment status, job
requirements and project attributes can maintain comparability in the same space. At the same
time, gating constraints are used to maintain the boundaries of different types of nodes, and
the resource differences will not be smoothed by unified coding.

In order to make low-carbon constraints no longer stay in the background description
layer, but directly enter the resource representation and subsequent configuration calculation
process, the joint constraint coding function is shown as follows:

zf = Norm(ae! + Bq} + yuf + &b}) (2)

Here, z| represents the low carbon constraint vector of node i in time window t, e
represents the energy consumption per unit task, q} represents the historical carbon emission
intensity, u! represents the green process adaptation coefficient, bf represents the
institutional constraint intensity, and Norm(-) represents the standardized mapping. This

formula compresses energy consumption, emission, process and policy requirements into a
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unified constraint feature, so that resource invocation is not only sorted according to the
matching degree between supply and demand, but also can perceive the difference of green
burden caused by resource use.

After the basic attributes and low-carbon constraints are coded, it is necessary to further
describe the interaction sources, flow directions and time dependencies between resources.
Fig. 1 shows the multi-source heterogeneous production-education fusion data coding and
low-carbon constraint feature construction process. In the figure, the entity cleaning and
identification mapping are performed on the data of the university end and the enterprise end,
and then the time alignment and event compression are implemented on the behavior log,
equipment status and emission record. Then the node representation, relationship weight and
low-carbon feature fusion are completed in the unified semantic layer, and the resource
representation matrix and constraint matrix can be directly used for modeling and call of the
collaboration graph.

oo 20 T
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Figure 1: Multi-source heterogeneous production-education fusion data coding and low-
carbon constraint feature construction process

In order to maintain the original characteristics of school-enterprise collaborative behavior
in time sequence, duration length and event intensity, the state encoding function of resource
interaction sequence is as follows:

Mt
: Ve, OT

_t. — _ _ . m m

ht, Zexp( A= ) T o S 3)
m=

Here, hit]- represents the interaction state between node i and node j in time window t,
Mit]- represents the number of interaction events, v,, represents the event embedding of the

8



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

m cooperative behavior, r,, represents the direction weight, A represents the time decay
factor, and At,, represents the event duration. This formula transforms discrete events such
as project application, post release, equipment call, teacher participation and enterprise
feedback into continuous states, so that the connection between resources no longer stays at
the static level of whether to connect or not, but can reflect the frequency, direction and
recency of collaborative activities.

In order to depict the connection strength between heterogeneous nodes and their
relationship changes under the regulation of low-carbon constraints, the calculation function
of collaborative relationship edge weight is shown as follows:

aj; = sigmoid(u sim(x;, X;) + vcj; + EziTz]- - pdii) S

where aj;; represents the relationship weight between node i and node j, sim(x;, x;)
represents the basic similarity, c;; represents the task coupling degree, z{ z; represents the
consistency of low carbon constraints, d;; represents the reachability penalty term, p,v,§,p
represents the regulation coefficient. This formula integrates resource similarity, task
correlation and green matching into the same scoring framework, so that the edge weight not
only reflects the connection possibility of school-enterprise resources, but also reflects
whether it has the basis for sustainable collaboration under low carbon conditions.

In order to form a comparable and compatible representation of supply-side resources and
demand-side tasks in a unified space, the demand-response coupling score function is given in
the following equation:

Vik = X{ Wy +1 Z ajj Pix + wz' I (5)
j

Here, y;x represents the compatibility score of resource i to demand k, W represents
the bilinear mapping matrix, y, represents the demand prototype vector, p;. represents the
adjacency contribution term, I, represents the demand-side low carbon constraint vector,
n,w represents the balance coefficient. This formula takes node attributes, requirement
semantics, adjacency structure and green constraints into compatible calculation at the same
time, so that the resource ranking no longer depends on a single matching degree, and can
reflect the comprehensive results of task adaptation, relationship support and carbon
constraint consistency.

In order to output unified feature results that can be directly used for subsequent
collaboration diagram modeling and calling, the calculation form of resource feature matrix
after multi-modal fusion is as follows:

f; = LayerNorm | Wyx; + W, z; + Wy z aj hy; + R; (6)

)

where f; represents the final resource characteristics of node i, Wy, W, and W, represent
the mapping matrices of basic attributes, low-carbon constraints and interaction states
respectively, ;a;ih;; represents the relationship aggregation result, R; represents the
residual term, and LayerNorm(:) represents the layer normalization operation. The formula
achieves the unified fusion of static attributes, dynamic behaviors and green constraints, so
that each resource node has identity information, running status, collaboration history and
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low-carbon characteristics at the same time, which provides stable input for subsequent
resource allocation and collaboration efficiency evaluation.

After the above processing, the original college data, enterprise data, project data,
equipment logs and carbon emission records are uniformly compressed into a structured
representation with attribute semantics, relationship strength, timing status and green
constraints. The result is no longer a simple data splicing, but a coding basis that can
simultaneously reflect the resource supply ability, demand adaptation degree, collaborative
behavior trajectory and low carbon consistency. The resource feature matrix and constraint
feature matrix thus formed provide direct input for the modeling of school-enterprise
collaboration graph in the next section, and also maintain a stable data interface and
consistent semantic boundary for resource allocation calculation, collaboration efficiency
measurement and subsequent model comparison.

3.2 Modeling and computational expression of school-enterprise
collaboration graph for resource allocation

In order to accurately express the multi-agent collaborative relationship in the resource
allocation of industry-education integration under the "double carbon” strategy, this paper
constructs a school-enterprise collaboration graph for resource allocation tasks, and gives the
corresponding calculation expression. The graph model does not regard college resources and
enterprise needs as isolated objects, but integrates curriculum ability, equipment load, job
requirements, project intensity, teacher participation degree and low carbon constraint
consistency into a unified relationship space at the same time, so that the resource allocation
process can be continuously described in the form of node state, edge weight change and
candidate subgraph response. The node set in the collaboration graph is composed of college
supply nodes, enterprise demand nodes and constraint control nodes, and the edge set is
composed of supply-demand matching edges, call dependence edges, timing transfer edges
and low-carbon consensus edges. In this way, resource allocation no longer stays at the static
matching level, but can further describe the conduction strength, response order and green
burden difference in cross-agent collaboration.

In order to keep the school and enterprise heterogeneous resources in the unified graph
structure in a related, communicable and comparable state, the initial adjacency matrix
construction function of the collaboration graph is as follows:

Ag;)) = sigmoid(asim(f;, ;) + Buy; + yrj; + 6z z; — edy) (7

where Agjo) represents the initial connection strength between node i and node j, im(f;, f;)

represents the resource feature similarity, uy; represents the task coupling coefficient, ry;
represents the historical collaboration reliability, dj; represents the reachability penalty,

a,B,y,8,e are the adjustment parameters. This formula simultaneously writes semantic
similarity, collaboration history and green consistency into the initial adjacency relationship,
so that the graph has configuration significance in the generation stage, and does not rely on
subsequent patch-like correction.

After completing the construction of the initial adjacency relationship, the collaboration
graph also needs to receive the dynamic information of project flow, device call and post
update. Fig. 2 shows the modeling and computational expression process of school-enterprise
collaboration diagram. In the graph, the initial node set is generated by the resource
representation matrix and the constraint feature matrix, and then the multi-relational graph
structure is formed by the matching edge, the dependency edge and the low-carbon consistent
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edge. Finally, the edge weights and node states are updated through the temporal event stream,
and the candidate configuration subgraphs and constraint verification results are output.

Temporal Event Stream
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Figure 2: School-enterprise collaboration diagram modeling and computational expression
process for resource allocation

In order to ensure that the relationship strength in the graph can be continuously updated
in real time with the advancement of tasks, resource calls and state changes, the time-aware
edge weight recursive calculation formula is as follows:

-1 —at®
AP = (1 - AT + o tanh (Wym? +2e™5 — |0 = 2 ) ®)

Here, AE? represents the edge weight state at time t,Agjt_l) represents the edge weight at

the previous time, m(® I(Jt)

ij
time interval,”zi(t) —z].(t)” represents the low carbon offset distance, W,, is the event
2

represents the interaction event message vector, At;’ represents the

mapping matrix, 6,A,n are update parameters. This formula makes the edge weight no longer
a fixed value, but can be continuously modified with the cooperative behavior and constraint
fluctuation, so as to reflect the response change and green deviation in resource allocation
more truly.

In order to compress the multi-class relationships and low-carbon constraints in the
neighborhood of resource nodes into a structural representation that can be used for
configuration ranking, the node propagation aggregation formula is as follows:

(r)
B:
hi(l+1) — 0 W, ij

& Ll J (deg] +1)(deg] + 1)

w,h"’ + woh(" 9)

Here, hi(l“) represents the node representation at level 14+ 1, R represents the set of
relation types, N.(i) represents the neighborhood of node i under relation r, w, represents
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the relation weight, Bi(].r) represents the constraint gating factor, degj and deg; represent

the normalized degrees, W, and W, are mapping matrices. This formula distinguishes
different edge types such as supply-demand matching, process dependence and green
consistency in the propagation stage, so that the node representation can retain neighborhood
information and maintain the configuration discrimination ability.

In order to form a joint configuration score oriented to task requirements, capacity
boundaries and carbon budget constraints in the candidate resource subgraph, the
comprehensive objective calculation function is given by the following equation:

_ _ _ _ 1
Sg = aMg + bUg — CCg — dTg + Em z Z Aglt) (10)
8l ievg jen (i)

Here, S, represents the comprehensive configuration score of the candidate subgraph g,
1\7Ig represents the supply-demand matching degree, Ug represents the resource utilization
balance item, Cg represents the carbon budget deviation item, Tg represents the response
delay penalty item, |Vg| represents the number of subgraph nodes, & represents the
structural connectivity adjustment coefficient, and a to d are the weights. In this formula,
configuration quality, utilization status, low carbon compliance and scheduling efficiency are
compressed into a unified score, so that different candidate subgraphs can be compared under
the same rules.

In order to make the final configuration result maintain global consistency among multiple
candidate subgraphs and meet the requirements of cross-subject collaborative coherence, the
output formula of joint configuration result is shown as follows:

Y = arg max (Sg + 12 qix I(i € Vg)>, s.t.z ik €ap; < by, Xg < X (11)
i i

where y represents the final configuration result of task k, G, represents the set of
candidate subgraphs for task k, qjx represents the assignment probability of node i to task
k, I(-) represents the indicator function, cap; represents the upper limit of resource capacity,
by represents the capacity requirement of the task, x, represents the carbon burden of the
candidate subgraph, x;'®* represents the upper bound of the acceptable carbon of the task. t
is the global consistency coefficient. In this formula, the local optimal candidate subgraph and
the global constraint are incorporated into the output stage at the same time, which ensures
that the configuration result is not a single point matching, but an overall expression that takes
into account collaborative connectivity, resource boundary and low carbon consistency.

After the above modeling processing, the original resource nodes, collaborative behavior
events and low-carbon constraints are uniformly organized into a university-enterprise
collaboration graph structure that is updatable, communicable and comparable. The structure
can not only express the basic matching relationship between college supply and enterprise
demand, but also reflect the dynamic changes caused by task flow, resource call and carbon
constraint fluctuation.

3.3 Collaborative effectiveness evaluation model and index calculation
method

After the resource allocation of production and education integration is completed, the
collaborative effectiveness depends not only on whether the resources are matched, but also
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on whether the task response is timely, whether the call process is stable, whether the resource
utilization is balanced, and whether the carbon constraint is continuously satisfied. If the
judgment is only based on the matching results or the single completion rate, it is easy to
ignore the relationship fluctuation, scheduling offset and green burden difference in
school-enterprise collaboration, and it is difficult to truly present the configuration quality.
Based on this, this paper incorporates resource matching status, relationship propagation
strength, process delay, utilization level and low-carbon compliance into the unified
evaluation framework, and constructs a comparable, traceable and interpretable link system
for collaborative effectiveness calculation.

In order to compress the effectiveness of resource allocation, collaborative response
efficiency and low carbon compliance into a unified evaluation variable, the main function of
comprehensive collaborative effectiveness is calculated as follows:

Ek = U)le + (L)ZRk + (1)3Bk - (1)4Ck + (DSAk (12)

Here, Ex represents the collaborative efficiency score of task k, My represents the
resource matching accuracy, Ry represents the collaborative response efficiency, By
represents the resource utilization balance degree, Cy represents the carbon deviation term,
Ay represents the stability correction term, and w; to wg represent the weights. This
formula puts the configuration result, execution process and green constraint in the same
computing space, so that the evaluation no longer depends on a single completion rate, but
can describe the overall quality.

In order to weaken the interference of occasional fluctuations on the evaluation results and
maintain the stable comparison ability between consecutive tasks, the overall process stability
correction term is calculated as follows:

_ 5 1 ©_ 1) ©)?
S, = exp —mz ] z (Ai]. - &) +(aq?) (13)

teTk (i) €Ef

Here, Sy represents the stability coefficient of task k within the evaluation window Ty,

Agjt) represents the collaborative edge weight at time t, Aij represents the mean edge weight,

Aqff) represents the load change rate, and § and ¢ represent the balance parameters. This

formula simultaneously constrains the fluctuation of graph relationship and task load, and can
identify the states of call imbalance, collaboration interruption and local peak, so that the high
score is based on continuous collaboration.

In order to make the low-carbon target really enter the collaborative effectiveness
evaluation process and form a synchronization constraint with the resource invocation
behavior, the calculation formula of the comprehensive carbon consistency penalty is as
follows:

P, — P
P +e

Cx = X - max (0' ) +P(1—my) (14)
Here, Cy represents the low carbon deviation value of task k,P, represents the actual

carbon burden of candidate subgraph g, P, represents the target carbon budget of task k,
represents the green process matching degree, x and s represent the adjustment parameters,
and e represents the smoothing term to prevent the denominator from instability. In this
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formula, the emission overrun and the insufficient process adaptation are written into the
penalty process at the same time, so that the configuration results with high matching degree
but large carbon burden are compressed.

In order to obtain the final ranking results that are comparable and interpretable, and
maintain a uniform scale between different tasks, the standardized performance index is
shown in the following equation:

1
Fy = G -

(15)
E —
1+exp [—r : —(;‘E _|_MEE]

Here, Fy represents the final effectiveness index after standardization, pg and og
represent the mean and standard deviation of the collaborative effectiveness scores in the
sample set, Gy represents the constraint satisfaction gating term, t represents the scale
compression parameter, and € represents the numerical stability term. This formula achieves
the alignment of results under different tasks, different resource scales and different
collaboration intensities, so that the evaluation output can serve cross-project comparison.

After the above calculation, the collaborative effectiveness results are transformed from
the original configuration records into standardized indicators that are comparable, traceable
and have low carbon explanatory power. The model retains the linkage relationship between
resource matching, process response, structural stability and green compliance, and can
identify state efficiency indexes such as high surface matching but unbalanced execution,
timely response but high carbon burden, prominent local efficiency but insufficient overall
stability, which can support cross-task results comparison and subsequent analysis.

4 Results and discussion

4.1 Experimental Design

In order to verify the applicability of the model in this paper to the resource allocation and
collaborative efficiency evaluation of industry-education integration under the "double
carbon" constraint, 27 vocational colleges, 312 cooperative enterprises, 468 school-enterprise
collaborative projects and 5184 resource records are selected as the basic samples, and the
resource types cover courses, equipment, teachers, positions, project tasks and carbon
emission indicators. Furthermore, 1236 computable configuration instances are obtained. The
data was divided into training set, validation set and test set according to 7 : 1.5 : 1.5. The
missing fields were repaired, the abnormal energy consumption values were removed, the
repeated call records were merged and the timestamp was aligned, and the unified resource
coding matrix and constraint matrix were regenerated. The experimental platform is
implemented by Python, PyTorch Geometric and PostgreSQL, and the hardware environment
IS RTX4090 graphics card and 128GB memory. The comparison methods were set to three
categories: rule matching, collaborative filtering and static graph model, and the evaluation
indicators included matching accuracy, collaborative response delay, resource utilization,
carbon compliance rate and comprehensive efficiency index. The model was trained using the
AdamW optimizer with the initial learning rate set to 2x<10-4, batch size set to 64, maximum
number of training rounds set to 80, and early stop size set to 10. All experiments were
repeated 5 times and the mean, standard deviation and significance results were recorded to
ensure the stability and credibility of subsequent comparisons. The carbon constraint
threshold is set hierarchically according to the project category, equipment energy level and

14



INGEGNERIA SISMICA — INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING

enterprise process standards, and the initialization of collaborative edge weight is completed
by combining task frequency, historical completion rate and average response time, and the
model operation log is synchronously recorded.

4.2 Resource allocation results and collaborative efficiency analysis

This section focuses on the analysis of matching quality, collaborative response status,
resource utilization level and task completion in the process of resource allocation, focusing
on the differences in the performance of different methods in school-enterprise resource
linkage, task scheduling and process execution. The analysis objects include three types of
core relationships: course-position matching, device-project calling and teacher-task
allocation. The evaluation indicators include matching accuracy, average response delay,
resource utilization and task completion rate. Through the joint comparison of configuration
results, response distribution and scheduling stability, the differences in resource organization
ability and collaborative execution ability of different methods can be more clearly identified,
and provide basic support for the subsequent comprehensive efficiency evaluation under
low-carbon constraints.

In order to visualize the overall differences of different methods in the core indicators, as
shown in Fig. 3, the three indicators of matching accuracy, resource utilization and task
completion rate of rule matching are 82.1%, 71.4% and 84.3%, respectively, and the
corresponding average response delay is 18.6 min. Collaborative filtering reached 84.7%,
75.2% and 86.1%, respectively, and the response delay was reduced to 16.9 min. The static
graph model is further improved to 87.3%, 80.6% and 88.9%, and the response delay is 15.8
min. The proposed model achieves 90.4%, 88.2% and 92.6%, and compresses the average
response delay to 14.3 minutes. In the figure, the four types of methods form a clear hierarchy,
indicating that the proposed model maintains a better state in terms of configuration quality
and execution efficiency.

Resource Utilization (%)

Task Completion Matching
Rate (%) Accuracy (%)

Response Efficiency

—&— Rule Matching Collaborative Filtering —e— Static Graph Model —e— Proposed Model

Figure 3: Comparison of resource allocation results with radar chart
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In order to further observe the fluctuation degree and outlier distribution of different
models in the process of task scheduling, as shown in Fig. 4, the median of the box plot of the
collaborative response delay of rule matching is 18.1 min, the interquartile range extends
from 15.2 min to 22.4 min, and the maximum value reaches 31.8 min. The median of
collaborative filtering was reduced to 16.4 min, and the box range was reduced to 13.8-19.7
min, but the extreme value still reached 29.6 min. The median of the static graph model
continued to decrease to 15.3 min, and the interquartile range was 12.9-17.8 min. The median
value of the model in this paper is the lowest, only 14.0 min, the box convergence is between
11.6 and 15.8 min, and the maximum value is also controlled at 23.9 min. The results show
that the proposed model not only improves the average response speed, but also significantly
reduces the dispersion degree and abnormal fluctuation in collaborative scheduling.

Max=31.8

301 Max=29.6
Max=27.1
251 Max=23.9
20 1
Median=18.1
Median=16.4
151 Median=15.3
Median=14.0

10 1

Collaborative Response Latency (min)

Rule Matching Collaborative Filtering Static Graph Model Proposed Model
Model

Figure 4: Boxplot of cooperative response delay distribution

To ensure a clearer comparison process, Table 4 further summarizes the core indicators of
different models in the resource allocation stage. It can be seen from Table 2 that the proposed
model has optimal values in all four indicators, in which the average response delay is
reduced to 14.3 min, which is 4.3 min less than that of rule matching and 1.5 min less than
that of static graph model. The results show that the relationship propagation in the
collaboration graph not only improves the resource matching results, but also directly
improves the execution efficiency and scheduling stability in the process of school-enterprise
collaboration.

Table 2: Comparison of resource allocation results for different models

. Average Resource .
Model Matching Response Utilization Rate Task Completion
Accuracy / % ; Rate / %
Delay / min | %

Rule-Based Matching 82.1 18.6 714 84.3
Collaborative Filtering 84.7 16.9 75.2 86.1
Static Graph Model 87.3 15.8 80.6 88.9
Proposed Model 90.4 14.3 88.2 92.6

According to the review results of failed samples, rule matching mainly appears
configuration failure when the enterprise temporarily adds process conditions, collaborative
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filtering is more likely to occur ordering deviation when teachers ‘tasks overlap and
equipment load spike. Although the static graph model can maintain basic connectivity, it still
has edge weight lag under high-frequency task switching. With the help of multi-source
heterogeneous coding and dynamic graph update, the model in this paper retains the recent
collaborative behavior and low-carbon constraint state, so that the call sequence between
courses, positions, equipment and projects is more consistent. On the whole, the resource
allocation results and the collaborative response results corroborate each other, indicating that
the proposed method shows a higher level in terms of supply-demand matching accuracy,
process response speed and configuration stability.

4.3 Comprehensive efficiency evaluation and model comparison analysis
under low-carbon constraints

After the resource allocation results are verified, it is necessary to further investigate the
differences in the comprehensive effectiveness of different models after low-carbon constraint
access. Overall effectiveness not only reflects whether resources are correctly assigned, but
also reflects carbon budget offset, collaborative stability and task execution coherence. In
order to illustrate the actual impact of low-carbon constraints on the output of the model, this
paper compares the carbon compliance rate and the comprehensive efficiency index in the
same space, and analyzes the overall performance of different methods under green
constraints by combining the collaborative stability coefficient and the average carbon
deviation rate.

Table 3 summarizes the four indicators of carbon compliance rate, comprehensive
efficiency index, collaborative stability coefficient and average carbon deviation rate. The
results show that the carbon compliance rate of the proposed model is 91.8%, which is 6.9
percentage points higher than that of the static graph model, and the average carbon deviation
rate is reduced to 4.2%, which is 8.4 percentage points lower than that of rule matching. It
shows that the proposed model can better control the green deviation while maintaining the
efficiency of resource calling. Compared with other methods, the advantages of the proposed
model are reflected in the synchronous improvement of multiple indicators. The fluctuation of
rule matching is large, collaborative filtering is strongly dependent on historical samples, and
the static graph model is prone to local congestion under high concurrent tasks, while the
model in this paper is more stable in terms of comprehensive efficiency.

Table 3: Comparison of the comprehensive effectiveness of different models

Carbon |Comprehensive|Collaborative| Average Carbon

Model Compliance| Efficiency Stability Deviation Rate
Rate / % Index Coefficient | %
Rule-Based Matching 76.8 0.694 0.731 12.6
Collaborative Filtering 80.5 0.742 0.768 10.8
Static Graph Model 84.9 0.812 0.821 8.9
Proposed Model 91.8 0.933 0.904 4.2

In order to show the aggregation status of carbon compliance rate and comprehensive
efficiency index in different models, as shown in Fig. 5, the central point of rule matching is
located at 76.8% of carbon compliance rate and 0.694 of comprehensive efficiency index,
indicating that it is at a low level in terms of green constraint and collaborative quality. The
center points of collaborative filtering increased to 80.5% and 0.742, indicating that historical
relationship information can improve some task configuration, but the improvement is limited.
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The static graph model further reaches 84.9% and 0.812, which shows that the graph structure
expression has obvious support for the comprehensive performance. The center points of the
model in this paper are 91.8% and 0.933, which correspond to the highest carbon compliance
rate and comprehensive efficiency index. The distribution of the four types of models in the
heat map gradually moves from the bottom left to the top right, indicating that the proposed
model has achieved a higher level of low carbon consistency and collaborative quality at the

same time.
9 »
Pi sed Model

1.2

o
©
o

°

©

o)
<)

o
o0

Gtatic Graph Model

Density Intensity

o
o

©

g

v
o
'S

Collaborative Filtering
(@)
dle Matching

75.0 71.5 80.0 82.5 85.0 87.5 90.0 92.5

Comprehensive Performance Index
o
[e ]
o

0.2

e
N
)

0.0

Carbon Compliance Rate (%)

Figure 5: Heat map of the comprehensive effectiveness of the model under low carbon
constraints

To investigate the specific impact of each component module on the comprehensive
efficiency, Table 4 further presents the ablation experimental results. It can be seen that the
complete model maintains the highest level in the four indicators of carbon compliance rate,
comprehensive efficiency index, collaborative stability coefficient and task completion rate.
After removing the low-carbon constraint code, the carbon compliance rate decreased most
obviously, indicating that the green constraint feature had a direct effect on controlling the
deviation of resource invocation. After removing the sequential edge weight update, the
collaborative stability coefficient dropped the most, indicating that the dynamic relationship
update had strong support for maintaining the continuity of the collaborative process. After
removing relation propagation aggregation, the comprehensive effectiveness index and task
completion rate decrease simultaneously, which indicates that structural information is
indispensable in task matching and execution linkage. The overall results show that there is a
clear synergy between the modules, and the lack of any part will weaken the comprehensive
performance of the model.
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Table 4: Comparison of the results of ablation experiments

Carbon Comprehensive | Collaborative Task
Model Configuration Compliance Efficiency Stability Completion

Rate / % Index Coefficient Rate / %
Full Model 91.8 0.933 0.904 92.6
Without Low-Carbon 85.1 0.861 0.889 91.2

Constraint Encoding
Without Temporal
Edge-Weight Updating 89.3 0.874 0.836 90.7
Without Relation I_-"ropagatlon 876 0.852 0.848 89.9
Aggregation

On the whole, the comprehensive effectiveness evaluation results under low-carbon
constraints are consistent with the comparison results of the model, indicating that the
proposed method can maintain high robustness when the number of tasks increases, the
intensity of resource invocation increases and the number of constraints increases. This result
and the analysis of the resource allocation stage support each other, indicating that the
performance improvement of the proposed model has continuity and stability, rather than
relying on the accidental advantage brought by a single calculation.

4.4 Discussion

The previous results show that the proposed method maintains stability at three levels:
resource allocation quality, collaborative execution efficiency, and green constraint
consistency. Compared with rule matching, the matching accuracy is increased from 82.1% to
90.4%, the average response delay is reduced from 18.6 min to 14.3 min, the resource
utilization is increased from 71.4% to 88.2%, and the task completion rate is increased from
84.3% to 92.6%. This indicates that multi-source heterogeneous coding together with
collaborative graph propagation improves the calling order among courses, posts, equipment,
and projects. After the integration of low carbon constraints, the carbon compliance rate of the
model reached 91.8%, which was 6.9 percentage points higher than that of the static graph
model, and the average carbon deviation rate decreased to 4.2%, indicating that the
embedding of green constraints did not weaken the allocation efficiency, but enhanced the
degree of collaborative stability. Ablation results further showed that after removing the
low-carbon constraint coding, the comprehensive efficiency index decreased from 0.933 to
0.861. After removing the sequential edge weight update, the cooperative stability coefficient
dropped from 0.904 to 0.836. After removing relation propagation aggregation, the task
completion rate drops to 89.9%. These changes suggest that resource semantics, dynamic
relations, and green constraints must be jointly entered into the same computational link. Rule
matching and collaborative filtering can still maintain the effect in local samples, but after the
increase of task density, the change of equipment status and the tightening of process
standards, the static logic is difficult to support cross-agent collaboration. The significance of
this model is that the resource allocation results, execution process and low-carbon burden are
put into a unified evaluation space, so that the scheduling results of industry-education
integration have higher discrimination and interpretability.

5 Conclusion

Focusing on the task of resource allocation and collaborative efficiency evaluation of
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industry-education integration under the "double carbon" strategy, this paper constructs a
computing framework consisting of multi-source heterogeneous data coding,
school-enterprise collaboration graph modeling and comprehensive efficiency index
calculation. The results show that the proposed method is superior to the comparison models
in terms of matching accuracy, resource utilization, task completion rate, carbon compliance
rate and comprehensive efficiency index, which indicates that when resource semantics,
temporal relations and low-carbon constraints are jointly entered into the same computing link,
it can more effectively support cross-organizational resource scheduling and result evaluation.
This paper also has some limitations. Although the sample covers a number of colleges and
enterprises, the regional distribution is not wide enough, and the process differences of some
industries have not been fully included. The expression of carbon constraint mainly relies on
existing energy consumption records and regular thresholds, and the description of sudden
emission fluctuations is still weak. Part of the edge weight update in the collaboration graph is
still based on offline training parameters, and there is still room for improvement in the
adaptive ability when facing continuous arrival tasks. Future work will expand cross-regional
samples, enhance streaming data access ability, introduce a more fine-grained carbon
emission tracking mechanism, and combine online update strategy to improve the migration
ability and long-term stability of the model in complex scenarios. At the same time, the
knowledge graph can also be combined to supplement the implicit relationship between job
capabilities, equipment processes and project standards, so that the configuration decision has
stronger semantic support. For the collaborative effectiveness evaluation part, longer period
process indicators and richer anomaly samples can be introduced in the future to improve the
robustness of the evaluation results under high concurrency, high fluctuation and
multi-constraint conditions, and improve the interpretability and maintainability of the system
in actual deployment.
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