
Manifold-Adaptive Dimension Estimation

Table 1. Percentage of correct dimension estimates for different sample sizes. The first values in a cell (not in parentheses)
is for the averaging method, while those in parentheses are for the voting method.

Data set n=50 n=100 n=500 n=1000 n=5000

S1 98 (99) 100 (100) 100 (100) 100 (100) 100 (100)
S3 75 (19) 95 (20) 100 (15) 100 (19) 100 (62)
S5 33 (5) 50 (10) 100 (9) 98 (2) 100 (0)
S7 18 (2) 17 (3) 57 (1) 54 (1) 100 (0)

Sinusoid 92 (98) 100 (100) 100 (100) 100 (100) 100 (100)
10-Möbius 69 (47) 13 (74) 100 (98) 100 (99) 100 (100)
Swiss roll 62 (71) 49 (91) 88 (96) 100 (100 100 (100)

5. Experimental Results

The purpose of this section is to provide some experi-
mental evidence on the performance of our algorithm.
We investigated the influence of the following factors:
(i) number of samples (n), (ii) the manifold’s dimen-
sion (d) (iii) the embedding space’s dimensionality
(D), (iv) the number of centers used when combining
the local estimates (m)6, (v) the number of neighbors
(k), and (vi) the noise level. Due to the lack of space
here we only present results for (i)–(iii). The other re-
sults will be given in the longer version of this paper,
here we remark only that according to our experience
the algorithm’s performance degrades gracefully when
noise, not respecting the manifold is added to the data.
Noise is the Achilles heel of manifold-aware algorithms
as it changes the support of the sampling distribution.
We leave it for future work to study the behaviour of
manifold-aware algorithms in the presence of noise.

The default setting of the parameters are m = n/2 and
k = !2 ln n". These parameter settings were used in all
the experiments.7 Except for the real-world dataset,
we performed the measurements by repeating the cal-
culations 100 times, for 100 different randomizations of
the datasets considered. We report average errors and
the percentages when a correct estimate was obtained.

The datasets used were essentially identical to those
used by Hein and Audibert (2005), i.e., they in-
clude some standard datasets such as spheres of var-
ious dimensionality and some high-curvature datasets
for which dimension estimation is quite challenging.

6In the theoretical analysis we assumed that m = n
(see Equations (4) and (5)). However, one can also select
datapoints participating in the computation in a random
fashion (by sampling data points uniformly with replace-
ment). The hope is that an equivalently good estimate can
be obtained by less work.

7Note that according to the theory developed this choice
of k is inferior to e.g. k = n1/2. However, k = O(ln n)
yields much less computation and was therefore preferred
in the experiments.

In the case of shperes the data points are sampled
uniformly from a d-dimensional sphere Sd embed-
ded in Rd+1. The sinusoid dataset is a one di-
mensional oscillating sinusoid on the circle in R3.
The data points come from the manifold M =
{(sin(u), cos(u), 1

10 sin(10u)) |u ∈ [0, 2π)}, where the
samples are obtained by drawing random points uni-
formly at random in the interval [0, 2π). The 10-
Möbius strip is a two dimensional submanifold in
R3, created by twisting a two dimensional rectan-
gle 10 times. Data points are obtained by sampling
points (U, V ) uniformly on [−1, 1]× [0, 2π) and return-
ing x1(U, V ) = (1 + U

2 cos(5V ))cos(V ), x2(U, V ) =
(1 + U

2 cos(5V )) sin(V ), and x3(U, V ) = U
2 sin(5V ).

We used two other datasets: “Swiss roll” and the
ISOMAP Face datset. The Swiss roll is a two dimen-
sional manifold embedded in R3 (Levina and Bickel,
2005). ISOMAP Face consists of 698 64 × 64 images
(256 gray levels) of a face sculpture (Tenenbaum et al.,
2000). For this dataset we obtained an estimate of four
when using d̂avg, while we got an estimate of 3 when
using d̂vote. Earlier results by others suggest that the
intrinsic dimensionality is 3.

Results for the different artificial datasets when the
number of data points (n) is varied are given in Ta-
ble 1. As expected, the number of samples required
for an accurate estimate increases with the intrinsic
dimension of the manifold. We can conclude that (at
least for the parameter settings considered) the aver-
aging method performs better than the voting method.
In particular, voting seems to have troubles when the
number of datapoints is small or the intrinsic dimen-
sion is higher. Therefore in what follows we consider
only the averaging method. Overall the performance
seems comparable to those reported by Hein and Au-
dibert (2005).

Figure 1 shows the average absolute error measured as
the number of samples for S4 and S8. It turns out that
the error behave roughly as O(n−c/d) with c = 2.4.


