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Abstract: In response to the exireme class imbalance and feature heterogeneity in credit assessment, which lead
to prediction bottlenecks and the "black box" compliance dilemma, this paper proposes an end—to—end dual-stream
representation learning and native counterfactual explanation generation network. This model achieves decoupled
mapping and late gating fusion of continuous and categorical features through dual-siream multi-layer perceptron
( Dual-stream MLP ) ; introduces customized focal loss to dynamically adjust gradient weights, overcoming the
accuracy paradox caused by the scarcity of default samples; and innovatively embeds "native counterfactual”
regularization loss based on real samples in the latent space to ensure that the explanation results 100% comply
with the financial business linkage constraints. Experiments on GMSC and UCI datasets show that this method
significantly outperforms the baseline model in AUC and minority class F1-Score, and the generated counterfactual
explanations achieve a 100% real feasibility in the legal rate of business logic, providing a new paradigm for highly
reliable and interpretable transparent credit risk control.
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