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6. Benchmark Results

Text Serialization: Converting Data From Tabular to Text Derived from Metrics: Accuracy, F1 Scores, Area Under the Receiver Operating Characteristic,
TabLLM [1]. Analogous to a game of Madlibs. Matthews Correlation Coefficient (MCC).
(Macro-averaging for non-binary classification cases)
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TltanIC Dataset . . . DATASET METHOD TATEch{JI;iCS? ' VS%UATI%I{IRO?ELIIT/IECCATASETS CURRENT STATE OF THE ART TABLM SOTA?
Text Serialization SVM (RBF) 1.0000  1.0000 1.0000 1.1870
LGBM 1.0000 1.0000 1.0000 1.1870
Name | Age | Sex O: X T oo Loy Lo Liano | L0000 (hceOma & Nicosin 2020) |
TABPFN 1.0000 1.0000 — 1.1870
TABLM 1.0000 1.0000 1.0000 1.1870
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experiments and benchmark studies. Verdict: Our benchmarking study reveals that pre-trained models with
e Experimental Datasets (E): The experimental datasets consist of tabular supervised fine-tuning (SFT) currently do not outperform traditional machine
data with unique characteristics for benchmark studies, including learning models and some deep learning tabular models, indicating future
distribution shifts, bias, high dimensionality, and class imbalance. research directions for language models in solving tabular tasks.
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e Benchmark: We select a model through benchmarks involving
various pre-trained encoder language models, including those from
the Massive Text Embedding Benchmark (MTEB) to represent
modern methods. Due to compute limitations, we chose embedding 9 1
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models with fewer than 1 billion parameters.
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