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1. Problem: Gradient Entanglement

2. Method: Energy-Aware Gradient Coordinator

3. Quantitative Comparison
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4. Diagnhostics and Robustness 5. Representation Visualization 6. Qualitative Evidence and Project
Gradient Entanglement and backbone robustness. GE is measured by direction deviation t-SNE visualization. EAGC produces cleaner and better separated feature clusters, consistent with the Visual evidence. Attention maps show how EAGC-guided learning focuses on more discrimi-
reduced subspace overlap measured above. native object regions.

GIDC and subspace overlap SOC; DINOv2 tests whether the gain transfers across backbones.
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