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(1) Define the tree-level data pairwise similarity as:
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B Tl Image Segmentation [9] CMU-PIE [7] | QSAA [8] | | | ERCe [4] 9] UCI repository. 2007
T e e e e B Compare adjusted Rand Index (ARI) curves over different neighbourhood sizes. Higher is better. 10] M. Pavan and M. Pelillo.
IO EREE. o 9| P H SN R Image Segmentation [9] CMU-PIE [7] USAA [8] ERCe [4] [11] V. Premachandran and
Ground Truth ClustRF—Bi ClustRF—Strct—Unfin ClustRF—Strct—Adpt M 20 40 60 8O 100 20 40 60 80 100 20 40 60 80 R. Kakarala. CVPR’ 13
The affinity matrices induced by different approaches on CMU-PIE kKNN[1] 348 36.2 37.6 37.8 379 44 44 49 48 47 35 3.1 33 3.6 3.6 459 481 521 52.7 51.8
ClustRF—Bi (301)  ClustRF—Stret—Unfm (563) ClustRF—Stret—Adpt (427) DN[10] 38.3 29.1 34.7 37.2 37.2 3.0 23 24 30 35 26 23 25 20 1.7 51.0 521 499 183 25.6
P T RO o e Tt Rt s Cons-kNN[11] 349 36.8 358 36.8 359 40 44 43 43 42 38 3.8 38 3.8 39 492 521 520 52.0 557
BRI N F o et Tl PR ONECE S i ClusterRF-Bi[3,4,5] 39.5 19.8 4.5 56.1
re iy h;ﬁ ClustRF-Strct-Unfm 40.7 22.9 4.7 59.3
Henp Rl e e R L e e R L ClustRF-Strct-Adpt 41.8 20.5 5.7 60.4
Compare forest based models: the affinity between face images Compare area under ARI curves. Higher is better. For all Euclidean distance based models, we vary the Gaussian kernel Code available:

from the same person in CMU-PIE. (X): higher X is better. scale (i.e. varying M) used for converting the distance matrix into the affinity matrix http://www.eecs.qmul.ac.uk/~xz303/
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