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To address the challenges such as cold start in the integration of industry and
education in vocational education, this paper proposes a dual-tower attention dynamic
adaptation model (HCC-DTAM) from the perspective of human-machine collaboration.
Empirical results show that HCC-DTAM outperforms the SOTA baseline model by 8.36% in
the NDCG@10 metric, and demonstrates significant robustness in the cold-start user group,
verifying the engineering effectiveness of the hybrid intelligent paradigm in precise
education and person-job matching.
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The essence of industry-academia integration lies in the precise mapping of the high-dimensional
feature space between the supply side of talents and the demand side of industries [1]. Currently,
with the in-depth advancement of Industry 4.0, the job skills requirements exhibit highly
unstructured and time-varying characteristics [2]. However, the traditional model of industry-
academia integration is still constrained by the physical space barriers and the lagging effect of
information transmission, resulting in a serious semantic gap between educational data and
industrial data [3].

From the perspective of data science, this essentially is a multi-objective optimization problem
under sparse data, and it is difficult to achieve the global optimal solution solely based on manual
experience [4]. Although machine learning provides a new paradigm for solving the heterogeneous
data matching problem, the existing state-of-the-art models, when applied in the context of
vocational education, have extremely sparse historical interaction data, causing the matrix
decomposition of the collaborative filtering algorithm to fail [5]. The "black box" decision logic of
deep neural networks is difficult to gain the trust of educators and cannot form an effective teaching
intervention loop.
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This paper proposes a dynamic adaptation model based on the human-machine collaborative
perspective, aiming to effectively achieve semantic alignment of heterogeneous features through
algorithm optimization and interaction design, and to dynamically calibrate model weights using
expert feedback to solve the problem of long-tail demand matching.

2. Mathematical modeling

This paper proposes the HCC-DTAM model, aiming to map the student ability feature space and the
job requirement feature space into the same latent semantic space for measurement. The schematic
diagram is shown in Figure 1.

[ Matching Prediction (¥) ]

Output & Loss Layer t Prior Knowledge Regularization (ALexpert)
[ Loss Function (Legtar) ]4- ————————————————————————

Joint Context Vector J

Multi-Head Attention Mechanism

Scaled
Dot-Product Co;cf_tsna‘lon
Attention ot

&)
./’ . GCN Layers

Convergence Layer

Human Expert
Knowledge Base

he_y

LSTM Layers h,

heq
[ Input Sequences (x,, . ,x,) ] (Knowledge Graph (G = (v, E)) |
Student Tower - LSTM Job Tower - GCN

Figure 1. Schematic diagram of model architecture
2.1. Problem formulation

Define the set of students:
U:{ul,ug,...,uN} (1)
Define the set of positions:
VZ{’Ul,’Ug,...,’UM} (2)
For any student w« , its feature vector consists of three components: explicit academic
performance, implicit training behavior sequence, and basic profile. Similarly, a position wv;
contains skill graph features and text description features.

We define the input layer as a sparse tensor of multi-source heterogeneous data:

Xinput = [Embed (u;) ® Embed (v;)] 3)
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Among them, Embed (-) represents the process of converting discrete IDs or categorical features
into dense real-valued vectors, and @ represents the feature concatenation operation.

2.2. Dual-tower architecture with multi-head attention

To address the limitation of traditional collaborative filtering in capturing nonlinear interactions
between features, the model adopts a dual-tower architecture to independently process the data from
the student side and the enterprise side [6,7].

For the student-side tower, considering the temporal dependence of training activities, a long
short-term memory network is used to extract temporal features [8]:

ht = LSTM (ZEt, htfl) (4)

For the position-side tower, the neighborhood information of the skill knowledge graph is
aggregated using the graph convolutional network [9]:

HHYD =g <D—% AD—%H(l)W(l)) (5)

To accurately identify the "key skills" in the alignment of education and industry, we introduced a
multi-head attention mechanism at the top of the double tower [10]. Let the query vector be Q, the
key vector be K, and the value vector be V. Then, the attention weights are calculated as follows:

Attention (Q, K, V) = softmax (Q\/%T )V (6)
k
MultiHead (Q, K, V) = Concat (head, ..., head;)W© (7)

Among them, d; is the scaling factor, which is used to prevent the gradient from vanishing due
to excessive dot product [11]. This mechanism enables the model to automatically focus on the "core
competency" features that contribute the most to job matching.

After being weighted by the attention layer, the student representation vector z, and the job
representation vector z, are obtained. The matching score between the two is calculated using
cosine similarity:

Zu'Zy

gl‘\j = COS (ZU?Z'U) = IZquU‘ (8)

2.3. Optimization with human-in-the-loop

This study designed a hybrid loss function incorporating human prior knowledge.
The binary cross-entropy loss function was used to optimize the matching rate:

agba/w = _]_{/' Z(u,y)e@ [yuv IOg (ﬂu\v) + (1 - yuv) IOg (1 _gu:)} (9)
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Introduce the human-machine collaboration factor « , and incorporate the expert's judgment on
the specific job-skill matching rules as a regularization term:

K 2
"ge%pel"t = Zk:l Brlwr — wZuman 2 (10)

Among them, wj;, represents the weights learned by the model, wi“m" represents the prior
weights set by experts, and B, represents the confidence coefficient.
The final optimization objective is to minimize the following function:

/(e) = %bas. +7\'=%7cpert +y|9|2 (11)

The model parameters 6 are iteratively converged through end-to-end training using stochastic
gradient descent or the Adam optimizer.

3. Experimental setup

The experimental data mainly come from the Guangdong-Hong Kong-Macao Greater Bay Area. We
selected the inter-education-industry interaction records from September 2020 to June 2024 as the
core dataset. Additionally, the US Department of Labor's O*NET Database 27.0 was introduced as a
supplementary knowledge base [12] to perform semantic standardization mapping for the
unstructured job skill descriptions. The specific topological statistics of the dataset are shown in
Table 1.

Table 1. Overview of dataset statistics

Metric Value
User Sets (Students) 54,239
Item Sets (Jobs/Positions) 12,805
Skill Entities 3,456
Interactions 1,428,560
Sparsity 99.79%

This paper selects four mainstream SOTA models in the industry for strict benchmarking: Neural
Collaborative Filtering (NCF), Neural Graph Collaborative Filtering (NGCF), LightGCN (SIGIR
2020), and Self-Attentive Sequential Recommendation (SASRec) [13].

The experiments adopt the following two types of indicators: HR@K: Hit Rate, which measures
the probability of whether the target position exists in the top K positions of the recommendation list
[14]. NDCG@K: Normalized Discounted Cumulative Gain, which gives higher weight to the
correct matches at the top ranks and precisely reflects the job matching accuracy under human-
machine collaboration [15].

4. Results and analysis

We compared HCC-DTAM with four mainstream baseline models on the same test set. The results
are shown in Table 2.
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Table 2. Performance comparison of each model on the education-work matching task

Model HR@10 NDCG@10 HR@20 NDCG@20 Training Time (s/epoch)
NCF 0.6124 0.3845 0.7210 0.4012 142
NGCF 0.6458 0.4102 0.7533 0.4325 315
SASRec 0.6610 0.4288 0.7780 0.4510 188
LightGCN 0.6892 0.4533 0.7954 0.4721 110
HCC-DTAM 0.7245 0.4912 0.8310 0.5105 156
Improvement +5.12% +8.36% +4.47% +8.13% -

HCC-DTAM achieved a score of 0.4912 on the core metric NDCG(@10. The improvement in the
NDCG metric was significantly higher than that of the HR metric, indicating that the model not only
"recalls" relevant positions but also ranks the highly-matched positions at the top of the list. This has
direct engineering value for reducing the selection cost for students.

To verify the independent contribution of the module, we constructed three variant models for
comparison: w/o Attention: Remove the attention layer and use average pooling directly; w/o
Human: Remove the expert prior regularization term and degenerate to pure data-driven; HCC-
DTAM: The complete model. The experimental results are shown in Table 3. The results strongly
prove that the expert prior knowledge effectively compensates for the lack of supervision signals
from sparse data.

Table 3. Ablation experiment results of core components

Variant NDCG@10 Drop Rate
HCC-DTAM 0.4912 -
w/o Attention 0.4620 15.9%
w/0 Human 0.4485 18.7%

The human-machine collaboration weight o controls the degree of intervention of expert
experience in the model's decision-making. We conducted a sensitivity test within the range of [0,
1.0] with a step size of 0.1. The experimental results are shown in Figure 2, and the data presents an
inverted U-shaped curve. a< 0.2 : The model degenerates into data-driven, lacking the
generalization ability for long-tail positions; « € [0.3,0.4] : It reaches the performance peak, and at
this time, data-driven and expert rules reach a Nash equilibrium; o> 0.6 : The performance
significantly decreases, indicating that overly strong prior constraints lead to model underfitting and
suppress the emerging job characteristics contained in the data.
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Sensitivity Analysis of Human Factor on Model Performance
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Figure 2. Parameter sensitivity analysis

The actual measurement of engineering efficiency is shown in Figure 3. In the actual deployment
environment, the average inference delay of the model is 18ms, which meets the real-time
requirements of the online recommendation system.
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Figure 3. Actual measurement of engineering efficiency

5. Conclusion

This study has confirmed that incorporating human domain knowledge as an inductive bias into
deep neural networks is an effective approach to solving the high-dimensional sparse matching
problem in vocational education. Experimental data show that the HCC-DTAM model, through the
"human-machine loop" mechanism, effectively mitigates the overfitting risk of pure data-driven
models in long-tail positions, achieving a dual improvement in matching accuracy and
interpretability. The limitation of this model lies in the fact that it has not fully utilized multimodal
data such as video interviews. Future work will focus on the research of multimodal feature fusion
under the framework of federated learning.
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