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Abstract: Gasoline octane number is a key quality index in the blending process of finished gasoline. Its accurate
prediction is of great significance for improving oil quality, optimizing production efficiency and reducing
production costs. Aiming at the problems of complex hyper—parameter tuning, low modeling efficiency and
insufficient interpretability of existing machine learning models in octane number prediction, a gasoline octane
number prediction and model interpretability analysis method based on tabular prior-data fitted network ( TabPFN )
is proposed. Firstly, based on the actual gasoline blending data of the enterprise, each blending component and its
ratio are used as input variables, and the octane number is used as the output variable. Then, a gasoline octane
number prediction model based on TabPFN is constructed and compared with several typical machine learning

models in the verification process. Secondly, a variety of evaluation indicators are used to comprehensively evaluate

Wis B 2026-04-14  {EEIEH#A: 2026-05-19

BIEEE: Z0(1963—), &, i+, 42, liwei@lut.edu.cn

F—1EE: ZWIE(1981—), %, Wi+, Bl#EE liyaj@lut.edu.cn

EEWA: FZRAHAREIEGRIH (62163022); Hll 4 BHE R L THRI(23ZDCA007); T 7l S R H (2024CYZC-18); Hl & 1 L
F4T0 H(2021QB-044)

SIRARS: A0, £ 3CH, 258 . JLT TabPFN AR Le (A F500 5 AL A] A BEPEL . AR T2 4z, XXXX, XX(XX): 1-15

Citation: LI Yajie, WANG Wenchun, LI Wei. Gasoline octane number prediction and model interpretability based on TabPFN[J]. CIESC Journal,
XXXX, XX(XX): 1-15



-2 T e FXXE

the performance of the model from the three dimensions prediction accuracy, training efficiency and reasoning
efficiency. Finally, the interpretability of the prediction model is analyzed by introducing Shapley additive
explanation ( SHAP ) and partial dependence plot ( PDP ) methods. The experimental results show that the mean
square error of the octane number prediction of the TabPFN model is as low as 0.001 on the test set without a lot of
hyper—parameter tuning, and the model training takes time is only 4 s, which is better than the comparison model.
SHAP analysis identified and quantified the contribution of each gasoline blending component and its ratio to the
octane number prediction results. PDP analysis further revealed the marginal effect, nonlinear relationship and
interaction of each blending component and its combination on the octane number prediction results. This method
can achieve efficient, accurate and strong explanatory power of gasoline octane number prediction, which can

provide high—precision prediction and decision support for gasoline online blending formulation optimization.

Keywords: gasoline blending; gasoline octane number; tabular prior—data fitted network; Shapley additive

explanation; partial dependence plot; prediction; fuel
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Fig.4 Violin plots of training and test set distributions
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Table 2 Comparison of octane number prediction

performance across different models
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Table 3 TabPFN inference efficiency test results
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Table 4 Experimental results of predicted octane number

changes under single-component perturbations
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Table 5 Experimental results of predicted octane number

changes under overall formulation perturbations
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Fig.8 Univariate partial dependence plots of gasoline blending components based on TabPFN
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