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® Two Gaussians (two flattened Gaussians)
® Four squares
® Four Gaussians
® Swiss role
IIARY VIR 3
® k-means
® Single linkage

® Complete linkage
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Two Gaussians

two gauss k-means 2 clusters
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Two Gaussians

two gauss single linkage 2 clusters
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Two Gaussians

two gauss complete linkage 2 clusters
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two gauss k-means 4 clusters

Two Gaussians
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Two Gaussians

two gauss single linkage 4 clusters
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Two Gaussians

two gauss complete linkage 4 clusters
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Two Gaussians

two gauss (easy) k-means 2 clusters
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Two Gaussians

two gauss (easy) single linkage 2 clusters
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Two Gaussians

two gauss (easy) complete linkage 2 clusters
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Four Squares

four squares k-means 4 clusters
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four squares single linkage 4 clusters

Four Squares
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four squares complete linkage 4 clusters

Four Squares
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Swiss
swiss k-means 4 clusters
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Swiss

swiss single linkage 4 clusters
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Swiss Role

swiss complete linkage 4 clusters
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75 TARY NI N7 Z AKX ¥ (Graph Spectral
Clustering)
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Graph Spectral Clustering
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Graph Spectral Clustering
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Graph Spectral Clustering
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72 727527~ (Graph Laplacian) OHE
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® Ratio Cut

® Normalized Cut

® Min-Max Cut
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272377 A5 =y 7 (Laplacian Eigenmaps)
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Laplacian Eigenmaps (Matlab)

k=10;

sigma=10;

n=size(x,1);
dt=squareform(pdist(x));
[sdt,idx]=sort(dt,’ascend’);
dt=sdt(1:k+1,:);
nidx=idx(1:k+1,:);
tW=exp(-dt. 2/(sigma~2));
ii=repmat(1l:n,k+1,1);
W=sparse(ii(:),double(nidx(:)),tW(:),n,n);
W=full(W);

W=max (W,W’);
D=diag(sum(W,2));
[v,d]=eigs(D-W,D,10,’sa’);
xx=v(:,2:3);

c=kmeans (xx,numc) ;



Laplacian Eigenmaps (Python)

k =10
sigma = 5.
n = x.shape[0]
dt = squareform(pdist(x))
idx = np.argsort(dt)
dt = np.array([dt[i, idx[i, range(k)]] for i in range(n)])
W = np.zeros([n, nl)
for i in range(n):

for j in range(k):

Wli, idx[i, jl] = np.exp(-(dt[i, jl**2) / (sigmax*2))

W = np.maximum(W, W.T)
D = np.diag(np.sum(W, axis=0))
dd, v = scipy.sparse.linalg.eigs(D - W, k=5, M=D, which=’SR’)
v = np.real(v)
idxdd = np.argsort(np.real(dd))
xx = v[:, idxdd] [:, range(1l, 4)]
¢ = sklearn.cluster.KMeans(n_clusters=numc) .fit_predict (xx)



Two Gaussians

two gauss k-means 2 clusters
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Two Gaussians

two gauss single linkage 2 clusters
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Two Gaussians

two gauss complete linkage 2 clusters
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Two Gaussians

two gauss laplacian eigenmaps 2 clusters
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Swiss
swiss k-means 4 clusters
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Swiss

swiss single linkage 4 clusters
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Swiss Role

swiss complete linkage 4 clusters

15+
0
10+ &
&
«
5| &g ov"@
¢ &
8 o
; 4 e
ofg f !
i ] i §
: S
8 j H
8
sr c§ o§
»° 5
o
0o &
-10F @@ 00 000 T P o
6‘3&
-
@ow
-151 cam @ P ®°
-20 . .
-10 -5 0 5 10 15 20

-15



15

swiss laplacian eigenmaps 4 clusters
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