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Adaptive Model Fusion Framework Driven by Data Similarity and Model Reliability

WANG Mei', LI Yanpei, GAO Yatian
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Abstract: Adaptive model fusion is particularly important for dynamically responding to the evolutionary
characteristics of data and tasks. However, existing model fusion methods still have issues such as static
weights being difficult to adapt to data similarity, dynamic fusion being driven by single factors, and being
susceptible to data distribution drift. To address these shortcomings, this paper proposes an adaptive model
fusion method driven by data similarity and model reliability. The method captures the similarity between
samples through feature semantic alignment to obtain a similarity matrix, and further obtains the sample
matching degree coefficient. Then, based on the base model selection algorithm of performance-diversity,
the generalization ability and local performance of the base models are evaluated through multi-dimensional
metrics to obtain the reliability coefficient of the base models. Finally, the fusion weight is calculated based
on the data similarity coefficient and the reliability coefficient of the base models to obtain the final fusion
model strategy. Experimental results on public datasets demonstrate the effectiveness of the proposed
method.

Highlights:

1.Propose an adaptive model fusion method driven by data similarity and model reliability. By incorporating
data distribution characteristics and model reliability into model fusion, the method maximizes the
prediction performance of the model and realizes adaptive model fusion.

2.Propose a precise mixed data similarity measurement module.It achieves semantic alignment of numerical
and categorical heterogeneous features through deep embedding, integrates improved K-Prototypes
clustering to output sample-—cluster similarity vectors, and underpins sample-level local dynamic adaptation.

3.Design a performance-diversity dual-goal optimization-based base model selection mechanism, leveraging
multi-dimensional evaluation, diversity quantification, and dynamic decaying weights to automatically
prune redundant models, adjust reliability weights, and boost fusion robustness.

4. Propose an adaptive model fusion framework that does not rely on scenario-specific prior distribution
assumptions. It can flexibly adapt to data drift and heterogeneous model fusion requirements in different
fields, providing an adaptive fusion solution for complex tasks.
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Fig.2 Predicted results of five models based on the same test set EED
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Table 2 Regression prediction results of different methods on the EED dataset

ik MSE R* MAE MAPE/ %
SOM 0.218 0 0.997 9 0.3373 1.456 9
MA 1.6700 0.984 0 0.888 3 3.927 5
SPW 0.487 8 0.995 3 0.482 3 2.109 3
Stacking 0.177 3 0.998 3 0.2816 1.2629
CEDWF 0.162 5 0.998 4 0.260 4 1.249 5
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Fig.3 Predicted results of five models based on the same test set BSD
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Table 3 Regression prediction results of different methods on the BSD dataset
WiRiS MSE R’ MAE MAPE/ %
SOM 3921.673 3 0.876 2 42.340 2 54.482 0
MA 5893.463 0 0.8139 50.428 1 98.756 3
SPW 4 898.0310 0.845 3 46.297 4 80.127 3
Stacking 3 957.750 0 0.8750 41.833 8 50.288 3
CEDWF 3864.3917 0.878 0 41.173 7 45.149 7
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Fig.4 Ablation study results on same test set EED
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Table 4 Ablation study and performance comparison with the full model
Experiment MSE R’ MAE MAPE
Case 1 1.962 5 0.9811 0.973 1 4.520 3
Case 2 1.670 0 0.983 9 0.888 3 3.927 4
Case 3 1.3849 0.986 7 0.8219 3.8390
4 HEWRIE

AR SO A GEAS R Bl 5 v A0 A5 R ) 2 TRC AN AR B A% TR R, 4R H — o B T A0 A (R0 e A A
P8 A F A A A S Y Rl 5 7 9 o Tk 7 1k 0 e Al AR B R 5 A A T A R A B SUEE LA AL S B
B AR B e AR ] oSG 2 RV RE VAL 20 A UE B, A 5k mT LS BRSO A PR RE . ROk, TS
K 7 T A R T X e 4 LR o A SR Ak B R R I Rk B B R A A A A [R] A, SRR
o5 S8 BRI ASLEE A R W S R WL, D e AR v 2 52 Z i b A B RS, R e DI R

2 % X Wk
[1] CHENJ, YE H, YING Z, et al. Dynamic trend fusion module for traffic flow prediction[J]. Applied Soft Computing, 2025,
174:112979.

[2]  WAN F, HUANG X, CAI D, et al. Knowledge fusion of large language models[EB/OL]. (2024-01-19). https://doi. org/
10.48550/arXiv.2401.10491.

(3] LIUL, YUY, WU Y, etal. Method for multi-task learning fusion network traffic classification to address small sample labels
[J]. Scientific Reports, 2024, 14(1): 2518.

[4] DONG X, YU Z, CAO W, etal. A survey on ensemble learning[J]. Frontiers of Computer Science, 2020, 14: 241-258.



[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[23]
[24]

[25]

M F AT HRBAIMEAR R T F RS 49 B m AR Ak 777

BREIMAN L. Bagging predictors[J]. Machine Learning, 1996, 24: 123-140.

FREUND Y, SCHAPIRE R E. A decision-theoretic generalization of on-line learning and an application to boosting[J]. Journal
of Computer and System Sciences, 1997, 55(1): 119-139.

SHARMA N, DUTTA M. Designing a dynamic weighted stacking recommendation system[J]. International Research Journal
of Multidisciplinary Scope, 2024, 5(4): 755-767.

PICCIANO A G. Blending with purpose: The multimodal model[J]. Journal of Asynchronous Learning Networks, 2009,
13(1): 7-18.

LIU Z, JIANG P, ZHANG L, et al. A combined forecasting model for time series: Application to short-term wind speed
forecasting[J]. Applied Energy, 2020, 259: 114137.

KE G, MENG Q, FINLEY T, et al. LightGBM: A highly efficient gradient boosting decision tree[C]//Proceedings of the
31st International Conference on Neural Information Processing Systems (NIPS’17). Red Hook, NY, USA: Curran Associates
Inc., 2017: 3149-3157.

MEHRAJ S, BANDAY M T. A dynamic weighted averaging technique for trust assessment in cloud computing[J].
International Journal of Cloud Applications and Computing (IJCAC), 2022, 12(1): 1-21.

LI C, DING S, ZOU N, et al. Multi-task learning with dynamic re-weighting to achieve fairness in healthcare predictive
modeling[J]. Journal of Biomedical Informatics, 2023, 143: 104399.

ACHAKZAI M A K, PENG J. Detecting financial statement fraud using dynamic ensemble machine learning[J]. International
Review of Financial Analysis, 2023, 89: 102827.

CRUZ R M O, SABOURIN R, CAVALCANTI G D C. Analyzing dynamic ensemble selection techniques using dissimilarity
analysis[C]//Proceedings of Artificial Neural Networks in Pattern Recognition: 6th IAPR International Workshop, ANNPR
2014. Montreal, QC, Canada: Springer International Publishing, 2014: 59-70.

BRITTO JR A S, SABOURIN R, OLIVEIRA L E S. Dynamic selection of classifiers—A comprehensive review[J]. Pattern
Recognition, 2014, 47(11): 3665-3680.

VRIESMANN L M, BRITTO A S, OLIVEIRA L S, et al. Combining overall and local class accuracies in an oracle-based
method for dynamic ensemble selection[C]//Proceedings of 2015 International Joint Conference on Neural Networks (IJCNN).
[S.L]: IEEE, 2015: 1-7.

LI W, PENG Y, ZHANG M, et al. Deep model fusion: A survey[EB/OL]J. (2023-09-27). https://doi. org/10.48550/
arXiv.2309.15698.

LIN P, ZHANG L, ZUO J. Data-driven prediction of building energy consumption using an adaptive multi-model fusion
approach[J]. Applied Soft Computing, 2022, 129: 109616.

GUO Y, ZHENG J, SHANG X, et al. A similarity regression fusion model for integrating multi-omics data to identify cancer
subtypes[J]. Genes, 2018, 9(7): 314.

PN L TR BBl 0 ] o 0 % i A% U0 F ().t S R M Rk 2, 2024, 41(4): 712-719.

SUN Ruofan. Research on international short-term natural uranium price prediction based on model fusion[J]. World Nuclear
Geoscience, 2024, 41(4): 712-719.

HUANG Z. Extensions to the k-means algorithm for clustering large data sets with categorical values[J]. Data Mining and
Knowledge Discovery, 1998, 2(3): 283-304.

AHMAD A, DEY L. A K-mean clustering algorithm for mixed numeric and categorical data[J]. Data & Knowledge
Engineering, 2007, 63(2): 503-527.

CHATURVEDI A, GREEN P E, CAROLL J D. K-Modes clustering[J]. Journal of Classification, 2001, 18: 35-55.

WU Y, LIU L, XIE Z, et al. Promoting high diversity ensemble learning with ensemble bench[C]//Proceedings of 2020 IEEE
Second International Conference on Cognitive Machine Intelligence (CogMI). [S.L.]: IEEE, 2020: 208-217.

ZHANG Y, HONGLE D U. Imbalanced heterogeneous data ensemble classification based on HVDM-KNN[J]. CAAI
Transactions on Intelligent Systems, 2019, 14(4): 733-742.

FINN C, ABBEEL P, LEVINE S. Model-agnostic meta-learning for fast adaptation of deep networks[CJ//Proceedings of
International Conference on Machine Learning.[S.l.]: PMLR, 2017: 1126-1135.



778 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 3, 2026

[27] WANG B, LI Z, XU Z, et al. Casformer: Information popularity prediction with adaptive cascade sampling and graph
transformer in social networks[J]. IEEE Transactions on Big Data, 2025, 11(4): 1652-1663.

[28] CARON M, MISRA I, MAIRAL J, et al. Unsupervised learning of visual features by contrasting cluster assignments[J].
Advances in Neural Information Processing Systems, 2020, 33: 9912-9924.

[29] REN Y, PUJ, CUI C, et al. Dynamic weighted graph fusion for deep multi-view clustering[C]//Proceedings of the Thirty-
Third International Joint Conference on Artificial Intelligence. California, USA: [s.n.], 2024: 4842-4850.

[30] DUA D, GRAFF C. UCI machine learning repository[EB/OL]. (1998-05-06). http://archive.ics.uci.edu/ml.

[31] DUA D, GRAFF C. UCI machine learning repository[EB/OL]. (2013-12-19). http://archive.ics.uci.edu/ml.

[32] DUA D, GRAFF C. UCI machine learning repository[EB/OL]. (2012-11-19). http://archive. ics. uci. edu/dataset/242/
energy +efficiency.

[33] SCHWENKER F. Ensemble methods: Foundations and algorithms[J]. IEEE Computational Intelligence Magazine, 2013, 8
(1): 77-79.

[34] CADE B S. Model averaging and muddled multimodel inferences[J]. Ecology, 2015, 96(9): 2370-2382.

[35] SHAYEGH B, LEE H H B, ZHU X, et al. Error diversity matters: An error-resistant ensemble method for unsupervised
dependency parsing[C]//Proceedings of the AAAI Conference on Artificial Intelligence. [S.1.]: AAAT, 2025: 25119-25127.

[36] PASZKE A, GROSS S, MASSA F, et al. PyTorch: An imperative style, high performance deep learning library[C]/
Proceedings of the 33rd International Conference on Neural Information Processing Systems. Vancouver, Canada: MIT Press,
2019: 8026-8037.

[37] BREIMAN L. Random forests[J]. Machine Learning, 2001, 45(1): 5-32.

[38] CHAMBERS J M. Linear models[M]. Boca Raton: Chapman &. Hall/CRC, 2017: 95-144.

[39] UKIL A. Support vector machine[M]. Berlin, Heidelberg: Springer, 2007: 161-226.

[40] SHAHREZA H O, HAHN V K, MARCEL S. MLP-hash: Protecting face templates via hashing of randomized multi-layer
perceptron[C]//Proceedings of 2023 31st European Signal Processing Conference (EUSIPCO). [S.L]: IEEE, 2023: 605-609.

fE& ' 9T

EH(1976-) , BIEEE,
L BB BT B g
o) ARG B A T i

E-mail: wangmei(@nepu.

2835 (2000-) , Lo, 5 L
G, BF 55 1 2 AL A
.

B E 1979, &, /%
B F 5T 07 1) K B A
T e

edu.cn,

(%2 Z &)





