
Dimension Amnesic Pyramid Match Kernel

Yi Liu and Xu-Lei Wang and Hongbin Zha
Key Laboratory of Machine Perception (Ministry of Education)

Peking University, Beijing 100871, P. R. China
{liuyi,wangxulei,zha}@cis.pku.edu.cn

Abstract

With the success of local features in object recogni-
tion, feature-set representations are widely used in com-
puter vision and related domains. Pyramid match ker-
nel (PMK) is an efficient approach to quantifying the
similarity between two unordered feature-sets, which
allows well established kernel machines to learn with
such representations. However, the approximation of
PMK to the optimal feature matches deteriorates lin-
early with the dimension of local features, which pro-
hibits the direct use of high dimensional features. In this
paper, we propose a general, data-independent kernel
to quantify the feature-set similarities, which gives an
upper bound of approximation error independent of the
dimension of local features. The key idea is to employ
the technique of normal random projection to construct
a number of low dimensional subspaces, and perform
the original PMK algorithm therein. By leveraging on
the invariance property of p-stable distributions, our ap-
proach achieves the desirable dimension-free property.
Extensive experiments on the ETH-80 image database
solidly demonstrate the advantage of our approach to
high dimensional features.

Introduction

Recent years have seen an explosive growth of the use of
local features in object recognition (Moreno, Ho, & Vas-
concelos 2004), texture analysis (Leung & Malik 2001), im-
age retrieval (Frome, Singer, & Malik 2007) and other com-
puter vision tasks. Previously, global image features, such
as intensity or color histograms, are employed to depict the
whole image content holistically. As a result, they are sen-
sitive to a large number of image variations, such as clutter,
occlusions, perspectives, object deformations and lighting
changes. In contrast, local descriptors are much more ro-
bust in this regard since they only characterize the property
of image patches in the vicinity of basis points. For exam-
ple, SIFT (Lowe 2004), which measures the distribution of
gradient orientation around a base point, is widely used as
it works fairly well under the aforementioned image varia-
tions. To fully exploit the flexibility of local descriptors, it is
convenient to represent an image as an unordered feature set
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with variable number of local features. This is referred to as
the bag-of-features formalism, where no restriction is posed
to fix the spatial distribution of those features on the image
plane. Similarly, in text and natural language processing, a
document is often represented as a bag of words or a bag of
latent topics, which are learnt from the text corpora (Blei,
Ng, & Jordan 2003).

The new emerging trend of the unordered feature sets rep-
resentation poses a challenging problem to traditional ma-
chine learning techniques, in which each instance is typi-
cally expressed as a fixed length vector with ordered ele-
ments. Fortunately, a broad scope of unsupervised and su-
pervised learning algorithms belongs to kernel machines,
where it suffices for the algorithms to know the similarities
between the input objects and there is no restriction on the
explicit object representation. As a result, a key challenge
left to researchers is to develop a good similarity measure
to quantify the true proximity between two sets of features.
The similarity measure should be fast to compute and they
should also constitute a valid kernel to guarantee the well
functioning of kernel machines. Here, ‘valid’ requires the
Gram-matrix be positive semi-definite, which is posed by
the Mercer’s theorem (Shawe-Taylor & Cristianini 2004) to
guarantee the existence of the ambient space where features
are mapped to by the kernel.

Much work has been done towards this end. Lyu (2005)
proposed a Mercer kernel to quantify the similarities be-
tween feature sets. The kernel is a linear combination of
the p-exponentiated kernels between local features, where p
is determined from data. The method has a quadratic com-
putational complexity in terms of the cardinality of a fea-
ture set, which could be slow practically. Wolf & Shashua
(2003) propose a feature-set similarity kernel by comput-
ing the principal angle of the subspaces spanned by the fea-
tures from the two sets. Lafferty & Lebanon (2003) pro-
pose an information-theoretic kernel for feature-sets com-
parison, while the kernel proposed in (Moreno, Ho, & Vas-
concelos 2004) is based on the Kullback-Leibler divergence
between two distributions. The method in (Wolf & Shashua
2003) assumes that the features in a set constitute a sub-
space, while the approaches in (Lafferty & Lebanon 2003;
Moreno, Ho, & Vasconcelos 2004) make the parametric as-
sumption. In general, these assumptions do not hold, espe-
cially for the sets with many outlier features (which are pos-
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sibly due to the clutter in the images). Furthermore, these
kernels have a high computational complexity, which re-
stricts the scalability of the kernel machines to even mod-
erate large image databases.

As a shortcut to this problem, the bag-of-words formal-
ism (Leung & Malik 2001) is proposed to represent the local
features in an image as a word-frequency histogram. First,
a codebook of local features is built offline via clustering.
Then, the local features are quantized to the nearest word
entries in the codebook online. Though suited for kernel
machines, as noted in (Rubner, Tomasi, & Guibas 2000;
Csurka et al. 2004), this representation is sensitive to the
binning of feature space and the size of the codebook. More-
over, as a data-dependent representation, a codebook is only
suited for a particular set of images. If the images in the
database are added and deleted dynamically, using a fixed
codebook might lead to very poor performance.

More recently, the Pyramid Match Kernel (PMK) (Grau-
man & Darrell 2005; 2007a; 2007b) is proposed to compare
and match two feature sets in an extremely efficient man-
ner. The key idea of this method is to partition the feature
space hierarchically, from fine to coarse. In each step, un-
matched features from the two sets are implicitly matched in
the coarser level once they first appear in the same bin of the
histogram. Then, a distance or a similarity cost which cor-
responds to the granularity of the bin is added to account for
each newly matched feature pairs in this hierarchy. When
all features in the smaller set are matched in the coarsest
level, the kernel outputs the total similarity value to quan-
tify the proximity of the two feature sets. There methods
extend the L1-embedding approach (Indyk & Thaper 2003),
to allow partial matches and variable number of features in a
set. However, both theoretical (Grauman & Darrell 2007b)
and experimental (Grauman & Darrell 2007a) study show
that the error of the PMK to the optimal feature matches in-
creases rapidly (linearly) with the dimension of features. To
tackle this problem, (Grauman & Darrell 2007a) propose to
use a data-dependent, non-uniform partition of the feature
space. The method is equivalent to use a hierarchy of code-
books (Nister & Stewenius 2006), and weighs the words
based on their levels. As a result, the method also suffers
from the data-dependent problem mentioned above.

In this paper, our main aim is to develop a general, data-
independent feature-set kernel, whose performance is also
independent of the dimension of features. Equipped with
these desirable properties, our approach can well handle lo-
cal features with arbitrary dimensions and it can be applied
to any time varying applications, such as object tracking.

This paper is organized as follows: The Dimension Am-
nesic Pyramid Match Kernel (DAPMK) algorithm, as well
as the estimation of its upper bound of approximation error
is shown in Section 2. In Section 3, the experiments on the
ETH-80 image database is presented. Finally, we conclude
this paper in Section 4.

The Proposed Algorithm
In this section, we present the proposed Dimension Amnesic
Pyramid Match Kernel (DAPMK) algorithm. Before going
into the details, we first review the original Pyramid Match

Kernel (PMK) algorithm (Grauman & Darrell 2005; 2007b)
briefly.

An Introduction to Pyramid Match Kernel

Suppose two images I1 , I2 are represented by two feature
sets S1 = {u1, u2, . . . , um}, S2 = {v1, v2, . . . , vn}. ui and
vj (ui, vj ∈ F ⊆ Rd) are the d-dimensional local features
extracted from I1 and I2 , where F is the space of local
features. m and n are the number of features in set S1 and
S2 , respectively: m = |S1|, n = |S2| . Note that d is
fixed for all images in the database, since it only depends
on the specific type of local image descriptor we use. The
number of features m, n in images I1, I2 could be different.
Without loss of generality, we assume m ≤ n . Then, there
exists a mapping π′ , which matches each feature ui in S1

to a unique feature vπ′(i) in S2 , such that the sum of L1-
distances between the local features is minimized:

π′ = arg min
π

∑

ui∈S1

||ui − vπ(i)||1 (1)

When m = n, the optimal π′ can be solved in O(m3) time
complexity using the Hungarian algorithm (Kuhn 1955).

As mentioned in Section 1, the PMK constructs multi-
resolution histograms to partition the feature space hierar-
chically. Without loss of generality, the authors assume that
the minimal distance between unique features in F is 1, and
the maximal value range in any dimension of F is D. Then,
the histogram hierarchies are built for S1 and S2:

Φ(Si) = {H0(Si),H1(Si), . . . ,HL−1(Si)}, i = 1, 2. (2)

Here, Hj , j = 0, 1, . . . , L − 1, are the histogram formed by

binning the d-dimensional space with bin size 2j and then
counting how many features in Si fall in to each bin. L
is the number of histograms in the hierarchy Φ, defined as
L = ⌈log2 D⌉ + 1. In the finest resolution histogram H0,
all distinct features are located at different bins, while in the
coarsest histogram HL−1, all features fall into a huge bin.
If two features from S1 and S2, respectively, co-locate in a
bin of Hj , then it is assumed that they form a match at level
j. The PMK kernel computes the similarity between S1 and
S2 by summing the weighted counts of the newly formed
feature matches Ni at each level i of the pyramid:

KPMK(Φ(S1),Φ(S2)) =

L−1∑

i=0

ωiNi (3)

The number Ni can be simply computed by subtracting
the number of matched features in the level i by that in level
i − 1:

Ni = I(Hi(S1),Hi(S2)) − I(Hi−1(S1),Hi−1(S2)) (4)

Here, the histogram intersection operator I(·, ·) outputs the
number of matches formed in a particular histogram level. It
is defined as:

I(H1,H2) =
∑

i

min(H1(i),H2(i)) (5)

where H(i) is the i-th entry of the histogram.
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When used as a kernel to evaluate the similarity between
feature sets, the weights ωi in Eqn. (3) are set to be: ωi =
1/(d ·2i). When there is need to compute a distance cost for
two sets, the weights ωi are set as: ωi = d · 2i. It is shown
that the similarity measure is more robust to partial matches
and image clutter than the distance cost (Grauman & Darrell
2007b), and amenable for kernel machines. As a result, the
former definition is used in our experiments.

It is worth mentioning that since the number of features
in a set is very small compared to the number of bins, most
bins in a histogram are 0. As a result, it suffices to record
those non-zero bins and it is not required to build the his-
tograms explicitly. Besides, to avoid inadequate binning of
the feature space, each dimension of the pyramid is shifted
randomly in the feature space. For comparing two fea-
ture sets, the computation complexity of the PMK is only
O(dnL), which is far more efficient than previous methods
(Note the linear dependence on the cardinality n of a feature
set). Moreover, as proved in the Proposition 1 in (Grauman
& Darrell 2007b), the PMK is a Mercer kernel.

Dimension Amnesic Pyramid Match Kernel

We have introduced the basic idea of the Pyramid Match
Kernel. As to its accuracy, Proposition 2, 3 in (Grauman
& Darrell 2007b) bound the approximation error of PMK to
the optimal feature matches π′. Denote C(M(S1, S2;π

′))
as the total distance cost in π′ (Eqn. (1)), their main result
is:

C(M(S1, S2;π
′)) ≤ E[KPMK(S1, S2)]

≤ d|S1| + 2d log D C(M(S1, S2;π
′)) (6)

Eqn. (6) shows that the bound of error grows linearly with
the dimension of local features (d). This is sad news for
very high dimensional features, which are commonly used
in computer vision, natural language processing, etc. For
example, the topic feature (Blei, Ng, & Jordan 2003) is ex-
pressed as the word frequency distribution; a SIFT descrip-
tor (Lowe 2004) is often concatenated with a shape context
descriptor (Belongie, Malik, & Puzicha 2002) to enhance
its discriminability. To this end, it is desirable to develop a
feature-set kernel, whose performance is independent of the
dimension of features, while retaining the power and effi-
ciency of PMK at the same time.

In the remainder of this section, the proposed DAPMK
algorithm is first given in Algorithm 1. Then, we present an
analysis of this algorithm and derive the upper bound of its
approximation error.

The basic idea of Algorithm 1 is to use Normal random
matrices to project the d-dimensional local features into H
lower (k) dimensional subspaces and average the output of
the PMK in these subspaces. The algorithm is simple and
easy to implement. However, the idea comes from the notion
of p-stable distributions (Shakhnarovich, Darrell, & Indyk
2006).

Definition 1. A distribution D is p-stable if for any n real
numbers, c1, c2, . . . , cn, the sum of their product with n i.i.d.
samples Xi from D (i.e.

∑
i

ciXi) follows the distribution:

Algorithm 1: Dimension Amnesic Pyramid Match Kernel

1. Generate H matrices Ah ∈ R
k×d, h = 1, 2, . . . ,H ,

where the (i, j)-th entries of Ah are i.i.d. samples
from a normal distribution: Ah(i, j) ∼ N(0, 1).

2. For each feature set S = {u1, u2, . . . , um} in a
database, where each column vector ui ∈ R

d, H
corresponding feature sets Sh are generated: Sh =
{uh

1 , uh
2 , . . . , uh

m}, h = 1, 2, . . . ,H , where uh
i ∈ R

k

and uh
i = Ahui.

3. For any two feature sets S1, S2, the Dimension Am-
nesic Pyramid Match Kernel outputs the average
similarity score of the H original PMK kernels on
(Sh

1 , Sh
2 ):

KDAPMK(S1, S2) =
1

H

H∑

h=1

KPMK(Sh
1 , Sh

2 ).

∑
i

ciXi ∼ (
∑
i

|ci|
p)1/pX , where X ∼ D.

Two notable cases of p-stable distribution are Cauchy (1-
stable) and Normal (2-stable) distributions. In our DAPMK
algorithm, the 2-stable property of Normal distribution is
exploited. Based on this property, we show that the L1-
distance between uh

i in Sh approximates the L2-distance be-
tween local features ui in S. Moreover, the imprecision of
the approximation is independent of d, the dimension of the
original local features ui in S.

Denote the (s, t)-th entry of Ah by ah
s,t. For two points

u1, u2 ∈ R
d, the i-th entries of the two resulting points

uh
1 , uh

2 ∈ R
k are:

uh
1 (i) =

d∑

j=1

ah
i,ju1(j), uh

2 (i) =

d∑

j=1

ah
i,ju2(j),

respectively. As a result,

uh
1 (i) − uh

2 (i) =
d∑

j=1

ah
i,j(u1(j) − u2(j)).

Since ah
i,j are i.i.d. samples from N(0, 1), following the 2-

stable property of Normal distribution, we have:

uh
1 (i) − uh

2 (i) ∼ (
d∑

j=1

|u1(j) − u2(j)|
2)1/2N(0, 1)

= N(0,
d∑

j=1

|u1(j) − u2(j)|
2).

Therefore, the L1-norm of the k-dimensional vector uh
1 −uh

2
follows

|uh
1 − uh

2 |1 ∼ C · Z(k) (7)

where C = (
d∑

j=1

|u1(j) − u2(j)|
2)1/2 is the L2-distance of

the points u1, u2 ∈ R
d, Z(k) is the distribution of the random

variable
k∑

i=1

|xi|, here xi are i.i.d. samples from N(0, 1).
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From the analysis above, we have seen that the expecta-
tion of the L1-distance |uh

1 − uh
2 |1, is proportional to C, the

L2-distance between u1, u2. Besides, it is clear to see that
the variance (imprecision) of |uh

1 − uh
2 |1 only depends on C

and k, but independent of d, which completes our proof.
As we have shown before, the PMK approximates the op-

timal feature matches in terms of L1-distance between local
features up to a multiplicative factor (Eqn. (6)). Based on the
distance preserving property mentioned above, it is natural
to expect that the DAPMK algorithm approximates the op-
timal matches in terms of the L2-distance between features
ui ∈ R

d, by performing the PMK matching in uh
i ∈ R

k.
We are going to show this is true in terms of a slightly modi-
fied criterion, by deriving the lower and upper bounds of the
approximation to it, with high probability.

Define the optimal local feature matches π∗ in terms of
the L2-distance between sets S1 and S2 as:

π∗ = arg min
π

∑

ui∈Si

||ui − vπ(i)||2 (8)

A slightly different notion is the greedy feature matches π∗

g :

π∗

g(i) = arg min
j

||ui − vj ||2 (9)

which greedily pairs each feature ui in S1 to the closest fea-
ture vj in S2, i.e., in contrast to π∗, π∗

g is not guaranteed to
be an injective function. In practice, the difference between
π∗ and π∗

g is typically very small.
Similarly, denote the optimal feature matches in terms of

the L1-distance between Sh
1 and Sh

2 to be π(h). The main

focus of our analysis is to examine to what extent π(h) is
different from π∗, due to the imprecision of the distance ap-
proximation from Si to Sh

i , i = 1, 2. As in Eqn. (9), we also

define the greedy version of π(h) as π
(h)
g . For the ease of

study, with a slight change of the problem, we will analyze

the distortion between π
(h)
g to π∗

g in the remainder of this

section. For simplicity, they are denoted as π(h) and π∗, by
omitting the subscript g.

Consider the i-th feature ui in S1, without loss of gener-
ality, assume the L2-distance between ui to its nearest fea-
ture vπ∗(i) in S2 is a constant 1, i.e. ||ui − vπ∗(i)||2 = 1.

Now we analyze the variation range of the variable wh =
||uh

i − vh
πh(i)||1, which represents the L1-distance between

the i-th feature in Sh
1 to its nearest match in Sh

2 . Denote
w = ||uh

i − vh
π∗(i)||1. By definition, we have wh ≤ w.

Therefore, the (1 − r)-confidence upper bound of w, de-
fined as wu, will also be the upper bound of wh with at least
(1 − r)-confidence (Here, r can be seen as the probability
under which the statement does not hold). From Eqn. (7),
we know that w ∼ Z(k). Denote the CDF of the distribution

Z(k) by F(k), we are able to compute the (1− r)-confidence

upper bound of w as wu = F−1
(k) (1 − r) (which also upper

bounds wh).
Now we turn to estimate the lower bound of wh. Define

the L1-distance from uh
i to the j-th feature vh

j in Sh
2 as:

xh(j) = ||uh
i − vh

j ||1. It is clear that wh = min
j

xh(j), j =

1, . . . , n. From Eqn. (7), we have xh(j) ∼ CjZ(k), where

Cj = ||ui−vj ||2 ≥ ||ui−vπ∗(i)||2 = 1. Denote the (1−r)-

confidence lower bound of wh by wl, we have:

P (wh ≥ wl) = P (xh(1), . . . , xh(n) ≥ wl)

= P (
n
∩

j=1
(xh(j) ≥ wl))

= 1 − P (
n
∪

j=1
(xh(j) < wl))

≥ 1 −
n∑

j=1

P (xh(j) ≤ wl)

≥ 1 −
n∑

j=1

P (xh(j) ≤ Cjw
l)

Since xh(j) ∼ CjZ(k), we have P (xh(j) ≤ Cjw
l) =

F(k)(w
l), where F(k) is the CDF distribution of Z(k). By

setting wl = F−1
(k) (r/n), we have P (wh ≥ wl) ≥ 1−r, i.e.,

by the (1 − r)-confidence, wh is lower bounded by wl.

From the analysis above, we can compute the (1 − 2r)-
confidence interval (wl, wu) of wh by sampling from the
distribution Z(k). Suppose the local features in S1 and S2

are fixed, the ratio wu/wl represents the maximal fold of
change of the L1-distance between a feature uh

i in Sh
1 to its

nearest neighbor in Sh
2 , with (1 − 2r)-confidence. Since the

feature-set distance is the sum of the distances between the
matched features, the ratio wu/wl also indicates the extent
of distortion in the feature-set level.
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Figure 1: The bound of distance distortion in DAPMK algo-
rithm, k is the dimension of Sh, |S| is the cardinality of the
larger of the two feature sets, and r = 0.01.

From Fig. 1, we can see that the distance distortion in the
DAPMK approach goes down quickly when the dimension
k of Sh becomes only moderately large, and it grows very
slowly with the number of features in a set. Besides, the
distortion factor wu/wl is independent of d. As a result,
the DAPMK kernel effectively “forgets” the dimension of
the original features. Therefore, it is coined with the name
“Dimension Amnesic”.
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As we have shown in Eqn. (6), the multiplicative error
bound of the PMK kernel grows linearly with the dimension
of local features. In the DAPMK algorithm, the PMK kernel
is called as a subroutine in the k dimensional subspace Sh.
As a result, the product of k with the ratio wu/wl bounds
the total error of the DAPMK kernel. By minimizing the
product over k, we can select the optimal dimension k∗ of
Sh:

k∗ = arg min
k

(kwu/wl) (10)

100 200 300 400 500 600 700 800 900 1000
9

10

11

12

13

14

15

|S
2
|

k
*

Figure 2: The optimal dimension k∗ of Sh in the DAPMK
algorithm, for different cardinalities of the features set |S|.

Fig. 2 shows the dimension k∗ of Sh in the DAPMK al-
gorithm with the tightest bound of error, for different sizes
of the feature set |S|. We can see from the figure that k∗

increases gradually from 10 to 14 when |S| changes from
50 to 1000. In fact, the performance of the PMK kernel de-
creases much slower than Eqn. (6) predicts when the dimen-
sion of feature increases. As a result, we suggest the setting
k∗ = 30 ∼ 40, where the distance distortion has been effec-
tively minimized (see Fig. 1), while the PMK kernel in the
final stage of the DAPMK algorithm still works fairly well.

Discussions

To work with high dimensional features in the original PMK
algorithm, sometimes Principal Component Analysis (PCA)
is first used to reduce the dimensionality of local features be-
fore the PMK kernel is applied (Grauman & Darrell 2005;
2007b). However, this is essentially different from our ap-
proach. First, since the intrinsic variation of the original fea-
tures could be high-dimensional, the PCA algorithm is not
always possible to well reconstruct the features in a low di-
mensional subspace. Second, the covariance matrix as well
as the eigenvectors is database dependent. When comparing
a novel feature-set with the ones in the database, it is not
clear whether the eigenvectors computed from the database
examples could well represent those new features.

In contrast, our approach is a data-independent, general
similarity measure. It does not attempt to reconstruct the
high dimensional features, but is designed to best preserve
the relative distances between features.

It is interesting to note the similarity of our approach to
random projection (Arriage & Vempala 2006; Li, Hastie, &
Church 2007), where the same property of p-stable distri-
bution is used. However, their main aim is to estimate the
distances between high dimensional features explicitly in a
lower dimensional space and many linear or non-linear esti-
mators are developed to this end. In our approach, we do not
aim to compute the distances between local features. Our
interest here is to estimate the bound of matching error be-
tween sets of features instead.

Also note that we employ Normal distributions to fill in
the matrices Ah . This is because the Cauchy distribution
is long-tailed and there is no way to use linear estimators
to recover the L1-distances between features (Li, Hastie, &
Church 2007).

Finally, we would like to point out that DAPMK shares
many desirable properties of PMK. First, it is also very
fast to compute. To compare two sets of features, the time
complexity of the DAPMK algorithm is: O(knHL), where
k,H,L are typically very small numbers (e.g. k = 30,H =
10, L = 6). As a result, practically, its efficiency is often
comparable to the PMK algorithm on the original sets of fea-
tures. Besides, by setting H to be a smaller value, DAPMK
could run significantly faster than the PMK algorithm with-
out incurring much degradation of its performance. Second,
like PMK, when DAPMK is used as a similarity measure,
it is robust to partial matches and outlier features. Finally,
the same martingales in (Grauman & Darrell 2007b) can be
used to prove DAPMK is a Mercer kernel.

Experimental Results

We conduct several experiments on real world image data
to analyze the performance of the proposed DAPMK kernel
and comparing it with the PMK kernel. To make a fair com-
parison with previous methods (Grauman & Darrell 2007a;
2007b), the ETH-80 image database is also used in this pa-
per, which consists of 400 images of 80 objects in 8 classes.
For each object, the images are taken from 5 separated view-
points. Besides, we also employ a similar feature extraction
strategy: each image is represented by a set of 256 SIFT
features, which are computed at the base points uniformly
sampled on the image plane. As a result, each image in the
database is represented by a feature-set Si with a cardinal-
ity of 256, and each SIFT feature is represented by a 128D
vector.

The experiments are conducted as follows: Each image
in the database is employed as the query to retrieve the re-
maining images in turn. Both the PMK and DAPMK kernels
are set to generate similarity scores in the following tests.
The Precision-Recall plot (Shilane et al. 2004), which mea-
sures the sensitivity-specificity tradeoff in the retrieval pro-
cess, is used to evaluate the performance of a similarity ker-
nel, by averaging all the query cases mentioned above. Here,
“Precision” indicates the percent of the retrieved objects that
are in the query’s class and “Recall” denotes the percent of
objects in that class which have been retrieved. Basically,
higher Precision-Recall curves mean the algorithm performs
better.
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Figure 3: The Precision-Recall plots of the DAPMK and
PMK algorithm on the normalized SIFT features.

The parameters in the DAPMK algorithm are set as: k =
30,H = 10 . Our first experiment is to compare the per-
formance of the DAPMK with the PMK algorithm on the
128D normalized SIFT features. The Precision-Recall plots
are shown in Fig. 3, which favors the DAPMK algorithm,
though the difference is not large. To simulate high dimen-
sional features, each element of the normalized SIFT fea-
ture is duplicated t times, e.g, when t = 2 , the vector
X = [x1, x2] becomes X ′ = [x1, x1, x1, x2, x2, x2]; when
t = 0, X ′ = X . Since the pair wise distances between
the synthetic features is only scaled by a constant factor,
the retrieval results will not change in terms of the optimal
feature-set distances. However, for the PMK and DAPMK
algorithm, the results may change as the dimensionality of
feature increases. The Precision-Recall plots of the two al-
gorithms for t = 1, 2, 3 are shown in Fig. 4. From this figure,
we can see that the performance of the DAPMK algorithm is
consistently better and more stable than the PMK algorithm.
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Figure 4: The Precision-Recall plots of the DAPMK and
PMK algorithm on duplicated normalized SIFT features.
The numbers are the times of duplication (t).

We also compare the performance of DAPMK with the
PCA algorithm in terms of dimension reduction. First, the
covariance matrix of the raw SIFT features in the database is
computed. Then, each unnormalized feature in projected on
the 10 dimensional subspace spanned by the largest eigen-
vectors. The value (10) is chosen because the PCA+PMK
kernel performs the best in this dimension. In DAPMK al-
gorithm, we also set the dimension of Sh to be 10 (k = 10).
The Precision-Recall plot is shown in Fig. 5. It shows
that the DAPMK algorithm has comparable performance to
the PMK kernel with 10D features produced by the PCA
method. In the upper-left of the Precision-Recall plot (which
is more important), the DAPMK is better, and conversely in
the lower-right.

Finally, we would like to investigate the performance of
the PMK and DAPMK algorithm on features where there
is some regularity across dimensions. The unnormalized
SIFT features are projected to the 128 eigenvectors com-
puted from PCA to form features in a new coordinate sys-
tem. We run the DAPMK and PMK methods on the new fea-
tures. The results are shown in Fig. 6, from which it is clear
that the DAPMK algorithm excels its counterpart signifi-
cantly. This suggests that the performance of the PMK ker-
nel is likely to drop on data with more regularity across di-
mensions (which is consistent with the results in (Grauman
& Darrell 2007a)), while the performance of the DAPMK
algorithm remains to be good.
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Figure 5: The Precision-Recall plots of the DAPMK when
k = 10 and PMK algorithm on 10D unnormalized PCA
SIFT features.

Conclusion

In this paper, we propose a novel kernel for feature-sets,
“Dimension Amnesic Pyramid Match Kernel”, which en-
joys the power and efficiency of the Pyramid Match Kernel,
while enabling high dimensional input features. Based on
the notion of p-stable distributions, the error bound of the
proposed kernel is derived, which is shown to be invariant
to the dimension of input features. Extensive experiments
on the ETH-80 database solidly demonstrate the advantage
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Figure 6: The Precision-Recall plots of the DAPMK and
PMK algorithm on unnormalized SIFT features in the prin-
cipal coordinate system produced from PCA.

of the proposed approach, especially for high dimensional
features.
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