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= “Discriminant adaptive nearest neighbor classification”
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Linear Dimensionality Reduction for Large Margin kNN Classification
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Weinberger@®LMNN (Large-Margin Nearest Neighbor, 2/3)
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“Although the objective optimized by our method is also not convex, we
experimentally demonstrate that our solution converges consistently to better
metrics than those computed via the application of PCA followed by subspace
distance learning (see Section 4).”

= BANEZ T IZHERETHES

| 2007/01/26 | NIPSEEH&= © Copyright IBM Corporation 2006



| Tokyo Research Laboratory

Nonlinear Feature Extraction for Large Margin kNN Classification
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Experimental results
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Figure 1: Classification error rates on the high-dimensional datasets Isolet. AT&T Faces and StarPlus fMRI
for different projection dimensions. (a) Training error. (b) Testing error.
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Figure 3: kNN classification accuracy on low-dimensional datasets: Bal, Wine. Iris. and Ionosphere.
(a) Training error. (b) Testing error. Algorithms are KNN using Euclidean distance. LMNN [9]. KNN
in the nonlinear feature space computed by our KLMCA algorithm. and multiclass SVM.
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