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Descricao:
Robust generalization refers to the ability of models to maintain reliable performance
under distribution shifts — when test data deviate from the training distribution. This
remains a significant challenge for Deep Neural Networks (DNNs), which are highly
susceptible to overfitting in such scenarios [1,2]. Although regularization techniques are
widely employed to mitigate this issue, they often fall short or even lead to over-
regularization, ultimately degrading performance [3]. These limitations suggest the need
for carefully tailored regularizers [4,5], whose effectiveness may depend on both the task
(e.g., classification) and the data domain (e.g., vision, language). This motivates the
development of domain-aware and task-sensitive regularization approaches. This
proposal adopts the categories defined in previous work [6] for Out-of-Distribution
(OOD) data, focusing specifically on the transformed-OOD setting, where label-
preserving corruptions are applied to in-distribution inputs. To characterize the impact
of such shifts, the project will compute statistical distances — such as KL divergence —
between clean and corrupted latent representations, enabling a quantification of
distributional deviation and its interaction with regularization. Building on this
perspective, the proposed research will investigate whether stochastic data regularization
— through random transformations [7,8] and input noise [9,10,11] — can function as an
implicit regularizer when applied dynamically. The study will explore the hypothesis
that organizing these perturbations as a curriculum [12,13], gradually increasing their
intensity, constitutes a promising yet underexplored strategy in computer vision [4],
particularly for compact models aiming at robust generalization. To systematically
examine this idea, the project will employ a modular framework composed of three
components: a Selection Policy (e.g., choosing between noise types or augmentation
pipelines), a Combination Policy (e.g., composing augmentations and noise), and a
Scheduling Policy (Curriculum Learning-based approach). This structure will support
controlled experimentation and facilitate understanding of how each component
influences model robustness. Accordingly, the central research question guiding this
proposal is: How can data regularization be dynamically adapted to a model’s
capacity to improve robustness while mitigating overfitting and underfitting,
thereby enhancing out-of-distribution performance? The working hypothesis is that
stochastic data regularization — whether applied uniformly or progressively — can
yield consistent gains in robustness across domains, with curriculum-based organization
further stabilizing learning by aligning perturbation strength with model maturity.
Additionally, the project will examine whether unstructured randomness in
augmentations and noise can still provide meaningful benefits when appropriately tuned.
Model evaluation will consider both average performance and the reliability of
performance estimates. A miscoverage-based analysis across cross-validation folds,
consistent with recent analyses of cross-validation behavior [14], will be incorporated to
quantify how well confidence intervals reflect true variability. This perspective is
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expected to provide a more nuanced understanding of robustness, particularly regarding
the bias—variance trade-off and the stability of out-of-distribution generalization.
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