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Data-driven Prognostics and Health Management (PHM) has become an established framework for supporting
maintenance and operational decisions in complex engineered systems. In industrial practice, a key challenge lies in
deploying models that scale beyond individual components and narrowly defined systems. Many existing approaches rely
on highly specialized model designs and strong assumptions regarding sensing and signal processing, which limits their
adaptability. In real-world settings, however, industrial applications often demand flexible models that can be rapidly
transferred across fleets and extended to complex, multi-component systems. Recent advances in time-series foundation
models (TSFM) suggest large-scale pretraining as a promising strategy for transferable downstream time-series tasks.
However, the adoption of TSFM in PHM remains limited, as existing approaches largely rely on autoregressive forecasting
and assume recent target histories at inference time. Moreover, many TSFM formulations emphasize temporal pattern
regularity, even though system behavior is often driven by external variables such as operating conditions or control
signals, leading to unsatisfactory performance. This work proposes a unified PHM modeling framework based on tabular
foundation models. By casting PHM tasks into structured tabular regression and classification problems, tabular
foundation models naturally accommodate variable operating conditions, missing data, and non-stationary system
behavior. Their formulation further enables inference conditioned on contextual examples, supporting rapid adaptation
across assets without retraining. The proposed framework is evaluated on multiple industrial PHM datasets spanning
diagnostic and prognostic tasks and benchmarked, under a unified evaluation protocol, against state-of-the-art time-
series models. Results show that tabular foundation models consistently achieve comparable or superior performance.
Further scaling and subsampling analyses show consistent advantages across diverse data availability regimes, including
higher data efficiency and reduced hyperparameter tuning effort, with particularly strong gains in low-data regimes.
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