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Motivation

% Manifold regularization of SVMs (Belkin et al., 2006) is a state-of-art
approach to semi-supervised max-margin learning

“ Yet, the two clusters of points in the data adjacency graph:
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cannot be separated by manifold reqgularization of linear SVMs:
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for any setting of the regularization parameter vy,
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Max-Margin Graph Cuts

s+ Manifold regularization of SVMs (Belkin et al., 2006) combines the ideas
of the harmonic function solution and semi-supervised SVMs in a single
convex objective

“ We investigate a different way of combining these two ideas

% First, we compute the reqgularized harmonic function solution on the
data adjacency graph W (=020 1= 0040
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% Second, we learn a max-margin discriminator which is conditioned on
the labels induced by the harmonic function solution
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s+ Favorable properties of our solution:
= |ncorporates the kernel trick
= Takes advantage of sparse data adjacency matrices
= |ts generalization error can be bounded

Existing Work

 In comparison to semi-supervised SVMs with the hat loss on unlabeled
examples (Bennett & Demiriz, 1999):
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our optimization problem is convex and can be solved optimally

 In comparison to manifold regularization of SVMs (Belkin et al., 2006):
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our algorithm yields better (and more intuitive) results when the class
of discriminators is severely restricted, such as linear functions

Theoretical Analysis

% The generalization error of max-margin graph cuts can be bounded by
combining existing transductive (Belkin et al., 2004; Cortes et al., 2008)
and inductive (Vapnik, 1995) bounds

Proposition 2. Let f be from a function class with the VC
dimension h and n. be the number of examples such that
10%| < e. Then the inequality:
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holds with probability 1 — (1 + 9).

Experimental Results

“* As vy, Increases, max-margin graph cuts gradually interpolate between
semi-supervised learning on all data and supervised learning on labeled
examples

s+ Max-margin graph cuts can solve problems which cannot be solved by
manifold reqularization of SVMs

s+ Max-margin graph cuts and manifold reqgularization of SVMs with RBF
kernels yield similar results

¢ Max-margin graph cuts outperform manifold regularization of SVMs on
29 out of 36 experiments on UC| ML repository datasets
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Figure 1: Linear, cubic, and RBF decision boundaries learned by manifold regularization of SVMs (MR) and max-margin
graph cuts (GC). The regularization parameter y, is setas y, =y /v, y = 0.1, and ¢ = 0.1. The pink and blue colors
denote parts of the feature space where the discriminators f are positive and negative, respectively. The yellow color
marks regions where [f(x)| < 0.05.

Misclassification errors [%]

Dataset Linear kernel Cubic kernel RBF kernel

SVM MR GC SVM MR GC SVM MR GC

1 1890 3094 1579 2054 2596 1745 2006 1761  16.01
Letter 2 1292 2845 1079 1218 1834 1090 1352 1310 1183
recognition 5 821  27.13 5,65 549 1877 480 6.81 8.06 5,65

10 651 2545 396 417 1403 296 495 614 332

1 706 959 688 962 529 855 822 636 765

Digit 2 487 797 460 606 506 509 617 421 561
recognition 5 2.97 3.68 2.29 304 227 2.36 2.74 2.29 2.19
10 170 286 1.59 1.87 1.60 1.74 1.68 1.75 1.35

1 1402 1181 1027 2330 1202 1410 1402 1160 951

e 2 854 1087 769 1428 1307 773 906 893 734
segmentation 5 = 473 783 449 832 879 717 587 5.43 5.31
10 330 626 328 365 664 360 384 481 3.73

Figure 2: Comparison of SVMs, max-margin graph cuts (GC), and manifold regularization of SVMs (MR) on three
datasets from the UCI ML repository. The fraction of labeled examples L varies from 1 to 10 percent.




