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Abstract In recent years, machine learning has shown significant advantages in reservoir parameter
evaluation based on well logs. However, due to the limited size of core samples, the generalization ability
of these models is often not guaranteed. In this study, more than 100 sets of high-pressure mercury injec-
tion data and seven types of well logs were collected from the Triassic Yanchang Formation in the Jiyuan
area of the Ordos Basin. The study systematically compares the performance of TabPFN and seven other
common machine learning methods under small data conditions. The SHAP interpretability analysis is also
used to understand the model’s decision-making mechanisms. The results show: (1) The average
permeability of the Yanchang Formation sandstone reservoir in the study area is 0. 39x107" pm?®, which is
typical of low- to ultra-low permeability reservoirs. These reservoirs have small pore throat radii and
complex pore structures. The first principal component explains 65. 00% of the total variance of the pore
structure parameters. Combined with production data and mechanism analysis, it is considered an
appropriate target variable for characterizing pore structure. (2) The TabPFN model performs excellently
in small-data environments, achieving R® values of 0. 81 and 0. 87 in the validation and blind well test
sets, respectively. Its high performance without parameter tuning demonstrates its outstanding applicabi-
lity. (3) According to feature importance ranking, density log, sedimentary facies, acoustic log, geo-
logical layering, and deep resistivity are the top five features. Sedimentary facies and geological layering
make greater contributions in extreme pore structure intervals, highlighting the critical role of discrete
geological variables in improving model performance. This study provides an effective data-driven case for
characterizing the pore structure of low-permeability sandstone reservoirs under small data conditions.

Key words TabPFN, machine learning, pore structure, low-permeability sandstone, tight sand-
stone, Yanchang Formation, Ordos Basin
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Fig. 1 Petrophysical characteristics of low-permeability sandstones in the Yanchang Formation, Jiyuan area, Ordos Basin
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Fig. 5 Taylor diagram showing the projections of various machine learning models
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Table 1  Model optimization and training durations for various machine learning models

i SRR s IZEEERS s EEBH S0
TabPFN / 0.11 / /
n_estimators ; max_depth ; max_features ; 100~600;3~20;[ "sqrt’,'log2’,0.5~1.0] ;
RF 18.37 0.08 _ '
min_samples_split ; bootstrap 2~20;[ True, False ]

n_estimators ; max_depth ;learning_rate;
XGBoost 19.57 0.07 50~500;3~10;1e-3~0.3;0.5~1.0;0.5~1.0
subsample ; colsample_bytree

. num_leaves; learning_rate ; n_estimators;
LightGBM 11.09 0.03 . . K 16~128;1e-3~0.3;50~500;0.5~1.0;0.5~1.0
feature_fraction ; bagging_fraction

n_layers; hidden ;alpha;lr_init; 1~3;16~256;1le=5~1e-1;le-4~1le—-1;
DNN 11.21 0.10 L
activation ; solver [relu’,’tanh’ ] ;[ "adam’, sgd’ ]
. le-3~1e3;le—4~1.0;[ 'scale’, auto’ ] ;
SVM 4.58 0.00 C; epsilon; gamma; kernel . K
[ 'tbf’, 'poly’, 'sigmoid’ ]
MR / 0.00 / /
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Fig. 6 Prediction curves of the three best-performing machine learning models
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Fig. 7 Correlation analysis between PC1 and selected variables
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