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Motivation: Current research often takes bottom-up, mechanistic Overview: We study medium-scale models as a testbed for Overview: A common scenario in applied machine learning involves Connection to shortcut learning: Shortcut learning refers to a
approaches such as mechanistic interpretability methods that aim identifying prognostic indicators of failure modes. Our goal is to selecting a pretrained model from a public repository like PyTorch model relies on simple, highly predictive but non-robust features
to reverse-engineer DNNs' internal computations by identifying detect ID signals that reliably predict how a model will behave under Hub or Hugging Face. For a given architecture, multiple sets of that correlate with the label in the training data, instead of learning
interpretable features [1,2,3], functional circuits [4,5], or causal distribution shift—without any access to OOD data. weights are often available, each trainedwith different optimization the underlying task-relevant structure. Our prognostics of OOD
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insights at a microscopic level (e.g., detailed features or circuits), rdsiibuton (D) | | Outofdisrbuion (O0D) |\ ctuerk architectre, notwor ize, 1€ Weakly prcictive of 00D perormance The standard heuristic is to choose the model with the highest dimension and utility can be understood as measures that
yet they struggle to provide a macroscopic view of network behavior e b e gy | imeetenclcotmdemeete reported ID accuracy. Here, we apply the prognostic indicators quantify the effective amount of relevant features learned by a
that can guide the prediction and prevention of system-level failures. = 5 _ Q ® DNNs trained on ID dataset (fom scratch) T e discovered in our exploratory experiments to this practical challenge. model. It is an interesting future direction to establish a rigorous
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