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Figure 2.4: A Swiss Roll manifold shown at four stages of the iterative transforma-
tion. This experiment was performed with 2000 data points, kK = 14, o = 0.99, and
iterations = 300.
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ure 3.3: The mean squared error of points from an S-Curve manifold for four
orithms with a varying number of data points. Manifold Sculpting shows a trend of
reasing accuracy with an increasing number of points. The experiment shown in (a)
s performed with 14 neighbors, while the experiment shown in (b) was performed
h 20 neighbors. Results are not significantly influenced by this difference. Results
' shown on a logarithmic scale. Due to the demanding memory requirements of the
LE algorithm, we only tested HLLE with up to 2828 data points.
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Figure 3.6: Images of a face reduced by Manifold $eulpting @%&S&H@ge@%ﬁ%iﬁ&nd. These images were
The values are are shown here on four wrapped lines in order to fit the page. The
original image is shown above each g&}{@dimensional vectors in the same manner. The high-level concept of

ness’ was preserved into a single dimension. In addition to showing th
Sculpting can work with real-world data, this experiment also shows the r

was encoded as a vector of 1,634 pixel intensity values. No single pixel contained

_ _ ~ the algorithm to poorly sampled manifolds because these eleven images w
enough information to characterize a frame according to the high-level concept of

' o ' images used for this experiment. Again, the ordering of every frame wa
facial position, but this concept was eftectively encoded in multi-dimensional space.
‘ ~ with the ordering in the video sequence.
This data was then reduced to a single dimension. (Results are shown on four separate
lines in order to fit the page.) The one preserved dimension could then characterize
each frame according to the high-level concepts that were previously encoded in many
dimensions. The dot below each image corresponds to the single-dimensional value
in the preserved dimension for that image. In this case, the ordering of evergiframe
was consistent with the ordering in the video sequence.
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Figure 3.8: A comparison of results with a manifold generated by translating an
image over a background of noise. Manifold Sculpting tends to produce less global
distortion, while other algorithms tend to produce less local distortion. Each point
represents an image. HLLE did not work with 4 neighbors, and LLE did not work
with 8 neighbors.
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- 3.9: Manifold Sculpting was used to reduce the dimensionality of a manifold
ted from a collection of 5776 images each with 1225 pixels. These images were
ted by sliding a window over a larger picture of the Mona Lisa. In this case the
- are correctly not square because the sliding window creates a bigger change
1t distance when sliding over some areas than others.

sic and intrinsic distance in one local neighborhood of the data is equal to the
etween extrinsic and intrinsic distance in every other local neighborhood. The
eness” of the shape represented by these results shows the extent to which that
ption is valid for this data set. In order to fully recover the intrinsic variables
wrbitrary data set, a manifold learner would additionally need a mapping that
enable it to determine the intrinsic distances from the extrinsic values. But
rith the assumption of constant distance ratios, Manifold Sculpting is able to
r the intrinsic variables of this dataset with a high level of separation and
s continuity. This test used 5776 images each with 1225 pixels. All the other
hms required an unreasonable amount of memory to operate on a dataset of
ze, so results are only shown for Manifold Sculpting.

Unfortunately, the manifold structure represented by most real-world prob-

s not known a priori. The accuracy of a manifold learner, however, can still

24






(a) Viden 1- Samnle frames f 100%

100%

90%

LLE HLLE Isomap Manifold
Sculpting

80%
LLE HLLE Isomap Manifold

73.5% Sculpting
(¢) Frame order accuracy 2

(b) Frame order accuracy 1

Figure 3.10: (a) A sample of frames from a rotating stuffed animal. (b) The percent-
age of frames correctly ordered by four manifold learning algorithms. (c¢) The same
measurements from another filming of the same scene. In this case, LLE appears to
be less stable with respect to small changes in the data.
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Figure 3.11: (a) A sample of frames from a camera travelling down a hallway on
a dolly. (b) The percentage of frames correctly ordered by four manifold learning
algorithms. (c¢) The same measurements from another filming of the same scene.
Isomap and Manifold Sculpting both yield good results with this problem.
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Figure 3.14: The performance of Manifold Sculpting does not degrade as much with
additional data points as do other algorithms. Results are shown on a logarithmic
scale. Only the values used to compute scalability are shown. Values for fewer than
1000 points were not used for Manifold Sculpting because it did not consistently
converge with so few points. Values with more than 4000 points were not used with
LLE or Isomap due to their demanding memory requirements. Values with more than
2828 points were not used with HLLE because it took so long.
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