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ABSTRACT

In the real-word matching, deformation, outliers and other
emerging variations are inseparable conditions which make
matching increasingly difficult. One way to solve this
challenging problem is raising an effective graph matching
method which is flexible to non-rigid objects. As a good
structure representation, graph can nicely describe object-
s with meaningful information. Meanwhile, feature pooling
plays a central role in feature sparsification. In this paper,
we introduce a K-Nearest-Neighbor-Pooling Matching (KN-
NPM) method, which adopts feature pooling into the graph
matching framework with lower solving complexity. The pro-
posed algorithm evaluates each candidate matching with dif-
ferent weights on its k-nearest neighbors (KNN) by taking lo-
cality as well as sparsity into consideration. It also has wide
range of applicability with generality in nowadays computer
vision. In addition, our comparative and extensive experi-
ments show the robustness and great improvements in match-
ing accuracy.

Index Terms— Graph matching, feature pooling, k-
nearest neighbors

1. INTRODUCTION

Graphs are used in pattern recognition early in 1970s, Conte
et al. [1] presents a detailed survey of graph-based techniques
from seventies to early twenties. Enriched with node and edge
attributes, graphs are effective and robust data structures for
describing objects with relations among their subpatterns, so
that part of research work focuses on the restrictions on the
structure of the graphs or the specific attributes. According to
recent study [2] for visual search and matching, human brains
not merely recognize objects based on visual appearances but
also vastly relied on structures. Therefore, we adopt graphs
as data prototype structure to show their talents.

Graph matching, a strong expressive approach widely
used in scientific fields, including social network, data analy-
sis, complex object recognition [3, 4], is the process of seek-
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Fig. 1. Graph matching example. The left image is a sample input, the
middle is a graph model learned by KNNPM in a learning framework [5],
the right is the matching result of our method with the red line indicating
the correct matching. We provide a KNNPM method, which is robust to
deformation. Each node in the middle corresponds to one on the right with
the same color. The bigger the nodes, the more similar they are.

ing a correspondence between the edges and the nodes to sat-
isfy some constraints of two graphs assuring that similar sub-
structures in two graphs are matched. In real-world match-
ing, the primary challenge is how to handle deformation of
non-rigid objects as well as other variations arising in the typ-
ical situations. When dealing with images and videos, ob-
jects of interest usually appear small against dominant back-
grounds, and other variations like appearance, structure are
involved, which lead to distinguish inlier from outliers for
features extremely difficult since these variations are so con-
fused. To solve this task, graph matching is an excellent
choice with robustness to a large number of outlier among fea-
tures. However, it is mathematically expressed as a quadratic
assignment problem, which is NP-hard [5]. Many research-
es [6, 7, 8, 9, 10] have been done but still exist two opposite
ways for solving the graph matching problems with its pros
and cons [11]. One proposed that the algorithm contained al-
l the information of the graphs was a little heavy, the other
held that researches should focus on more discriminative and
effective graphs that were not redundant.

In a sense, there are many traditional tools that has been
regarded as halfway between these two approaches. As for
sparsification, feature pooling targets at eliminating the re-
dundant features that neglects irrelevant details [12]. In [13],
experiments tell us that locality is more essential than spar-
sity. Therefore in this paper, for the trade-off between max-
pooling and sum-pooling, we aim to find an alternative ap-
proach that can be more effective and more precise and adapt



to the new environment with learning technique and vector-
based for real image, that is to say, we propose an accurate,
error-tolerate and robust method that is more flexible in real
world application demonstrated in Fig.1. Different from im-
age matching [14], our work mainly illustrates the novel KN-
NPM in graph matching, considering the sparsity and locality
of images and videos. Meanwhile, we adopt discriminative
weights for KNN so as to grasp the top-drawer information.

In this paper, three main contributions are presented.
Firstly, we use KNNPM strategy to get compact features,
which pay more attention to the locality of features, grasping
the top-drawer information without losing anything importan-
t. Secondly, our method uses discriminative weights for KNN
adopting the deformed part model [15] to let the important
ones always have the topmost score so as to keep the match-
ing stable and accurate. Finally, a better graph model can be
learned through our method in a learning framework, which at
the same time, witnesses the superior results compared with
other state-of-the-art methods in real-world images.

2. GRAPH MATCHING AND OUR METHOD

In this section, we begin with the review of the standard graph
matching formulation, and then elaborate on our method.

2.1. Problem formulation

Given a pair of graphs G1 = (V1, E1) with n1 nodes and G2

= (V2, E2) with n2 nodes, where V and E denote a set of
nodes and edges, respectively. In this context, G1 indicates
an object model with its features as V1 and their relations as
E1 while G2 indicates a scene. X ⊂ V1 × V2 is a subset of
possible correspondences, expressed by a binary assignment
matrix X ∈ {0, 1}n1×n2 . Xij = 1 means that ith node in V1
matches jth node in V2, otherwise Xij = 0. Usually a column-
wise vectorized x ∈ {0, 1}n1n2 of X is used for convenience.

Meanwhile, the similarity function of graph attributes is
denoted as F (x), which consists of a unary similarity func-
tion fV (i, j) for a node pair of ith node in V1 as well as jth

node in V2 and a pairwise similarity function fE(ia,jb) for an
edge of ith and ath node in E1 and an edge of jth and bth n-
ode inE2. As mentioned in [7, 8], the similarity functions are
normally regarded as a symmetric affinity matrix M, where
diagonal elements are Mij;ij = fV (i, j), and non-diagonal
ones are Mij;ab = fE(ia, jb). Therefore, the objective sim-
ilarity function which substantially accumulates all the simi-
larity values is defined as follows:

F (x) =
∑
xij=1

fV (i, j) +
∑
xij=1
xab=1

fE(ia, jb)

= xTMx. (1)

Then this graph matching problem is modeled as search-
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Fig. 2. Visualization of a match (i, j). The left region displays features of
a target model and the right one shows possible candidate matches marked
by the same color. (a) Sum-pooling correlates to Eq.(5) sums all possible
weighted affinities of matches from each neighbor a. (b) Max-pooling con-
siders the max-pooled match of each candidate match from all neighbors. (c)
KNNPM method concerns top k neighbors with different weights, which not
only considers the sparsity, but also pays much attention to locality. (d) After
calculating the average of summed k neighbors weighted affinities, the result
is robust with more precise answer than (b).

ing the best indicator vector x∗ of Eq.(1):

x∗ = argmax
x

xTMx (2a)

s.t.

{
x ∈ (0, 1)n1n2∑n1

i=1 xij ≤ 1,
∑n2

j=1 xij ≤ 1.
(2b)

However, this function Eq.(2) involves in an integer quadratic
programming (IQP) which is NP-hard, or rather, the approx-
imate solutions are required. And the equation in Eq.(2b) in-
duces the two way constrains for one-to-one matching, thus
making x an assignment vector. In short, because of its flex-
ibility, universality and operability, variety of approximate
methods have been fond of this formulation and its extension
in recent years [9, 16, 17].

2.2. K-Nearest-Neighbor-Pooling Matching

Based on the standard formulation, our KNNPM algorithm
absorbs the quintessence of feature pooling perspective that
simplifies the feature representations into a more condensed
ones by considering their locality [12, 13]. In a sense, our
method combines the sparsity and locality of the features us-
ing these compendious features as our nodes in graphs for
matching. Take a brief look at how previous algorithms as-
suage the NP-hard property in the primal problem as in E-
q.(2), notably, by relaxing the matching constrains of Eq.(2b)
could alter the primal problem. With this idea, a usual method
aims at maximizing the quadratic function F (x) by relaxing
the integer and matching constrains of Eq.(2b). In this way,
the function F (x) can be approximated by the first order Tay-



lor expansion as in [18] around the current solution xc:

F (x) ≈ F (xc)

0!
+
F ′(xc)

1!
(x− xc)

≈ F (xc) + (x− xc)
TMxc. (3)

A unit L2-norm constraint is used to maximize the second
item xTMxc and the update of each iteration comes down to
the following:

xc+1
update←−−−− Mxc

‖Mxc‖2
, (4)

which is also the heart of the spectral matching [7] shared by
many other methods. What makes these algorithms different
is that they bound other auxiliary projection process to access
proximate optimal solution with relaxed matching constrains.
In this notation, by giving two graphs G1 and G2, the ingre-
dient xij is somehow defined as the confidence of a candidate
match (i, j) in the assignment, then Mx can be written as the
following expression:

(Mx)ij = xijMij;ij +
∑
a∈Ni

∑
b∈Nj

xabMij;ab

= xijfV (i, j) +
∑
a∈Ni

∑
b∈Nj

xabfE(ia, jb). (5)

The second item is interpreted as the sum of the scores that
belong to the match (i, j), which also means the weighted
pairwise affinities of the matches. Ni represents the nodes
that belong to i, the same to Nj . For better understanding,
the visualization is shown in Fig.2(a). It is actually the sum-
pooling [12] in feature pooling perspective that calculates all
possible weighted affinities of each match to quantize the con-
fidence. In spite of the widespread popularity in other match-
ing problems [8, 9], sum-pooling is sensitive to irrelevant fac-
tors and inessential information, which leads to a bad local
minimum. Simply to say, though basic but vulnerable.

Then for solving this problem, the method [18] introduces
a max-pooled support described as:

(M⊗ x)ij = xijMij;ij +
∑
a∈Ni

max
b∈Nj

xabMij;ab, (6)

which uses max-pooling product M ⊗ x to distinguish from
the sum-pooling. The only difference is in the second item
which collects the best pairwise affinity from each relevant
neighbor to accumulate for each feature with each neighbor-
hood regarded as a spatial bin for pooling [19]. Better than
sum-pooling, this method effectively suppresses the noisy s-
cores and provides higher scores. Nevertheless, it is not e-
nough to deal with informative features since it pays more
attention to sparsification by just selecting the maximum one
without considering correlation among the nodes and edges.
Fig.2(b) shows how this works.

To address this issue, we bring our method KNNPM with
the following definition:

(M	 x)ij = xijMij;ij +
∑
a∈Ni

k
nearests

b∈Nj

wxabMij;ab, (7)

which collects the k nearest pairwise affinity from each neigh-
bor with discriminative weights as shown in Fig.2(c). The
signal 	 represents KNNPM product. The k here is fixed to
3 as an empirical value for the stable and fine results in Sec-
tion 3. The w is the weight for each nearest neighbor similar
to DPM [15] thinking, which takes different weights for each
deformation part based on their importance degree, the high-
er the more important. Here, we fix weights for 3 topmost
neighbors as 4000, 1000, 10, which are obtained from the ex-
periments for better results. The visualization and differences
of these three methods are shown in Fig.2.

The KNNPM considers both locality and sparsity. Refer-
ring to [13], the paper presents a simple but effective cod-
ing scheme called locality-constrained linear coding (LLC),
which firstly performs a KNN search that not only bears the
computational complexity but also concludes that locality s-
moothes sparsity, then we use this pooling strategy to graph
matching. The advantages are critical in practice: (i) KNNPM
looks at the matching quality for emphasizing on locality of
the features and can also guarantee the sparsity of the features
for matching than the first two algorithms. (ii) KNNPM is
flexible for different datasets and provides stable and higher
scores on true matches and can tolerate deformation and out-
liers to a certain extent. (iii) Latter experiments witness these
benefits and are more persuasive.

According to the detailed description above, the whole
process is provided in Algorithm 1. The elements in M, x,
xc are all non-negative, M	 x is a subset of Mxc, therefore
xTMxc ≥ xT (M 	 x), which means the proposed algo-
rithm only maximizes a lower bound at each iteration of the
first-order equation in Eq.(3). At last, the discretization step
is used to enforce one-to-one matching constraints, which en-
sures that every important node matches to its best mapping
node. In our experiments, the iterations for convergence have

Algorithm 1 K-Nearest-Neighbor-Pooling Matching (KNNPM)
Input: affinity matrix M
Output: relaxed-assignment x

1: Initialize x as uniform;
2: while x doesn’t converge do
3: for each candidate match (i,j) do
4: xij

update←−−−−

xijMij;ij +
∑

a∈Ni

k
nearests

b∈Nj

wxabMij;ab

5: end for
6: x←− 1

‖x‖2
x

7: end while
8: Discretize x by the matching constrains if necessary;
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Fig. 3. Synthetic graph matching. The first column represents the accuracy
of matching with varying deformation, while in the second column, the top
plot shows the average computation time and the other two the matching
score. (a) The deformation noise σ was in [0, 0.2] with a step of 0.02. (b)
The σ was in [0, 0.4] with an interval of 0.05. (c) The σ was in [0, 0.6] with
a step of 0.1.

been come from the tests around 30. Though without any
theoretical proving, the promising facts clearly pave way for
latter theoretical understanding.

3. EXPERIMENTAL EVALUATION

In this section, we conduct intensive evaluations in three
datasets: (1) synthetically random generated graphs, (2) C-
MU Hotel sequences [20], (3) real image dataset [5]. For each
dataset, we use the same settings for the comparable and clas-
sic or state-of-the-art algorithms, namely, max-pooling graph
matching (MPM) [18], reweighted random-walk matching
(RRWM) [21], integer projected fixed-point matching (IPF-
P) [8], and spectral matching (SM) [7]. SM is conducted as a
baseline since it applies sum-pooling strategy as a comparable
optimization approach.

(a) 80 sequence gap (b) 20 pts vs 30 pts

Fig. 4. CMU Hotel dataset. (a) The visualization of 80 sequence gap
images and the accuracy. (b) The average performance of algorithms with 20
pts and 30 pts in G1 and G2, respectively.

3.1. Synthetic Point Set Matching

This dataset forms by the experimental protocol of [6, 18],
with the goal of evaluating and comparing the performance
in a controlled setting. Two synthetic point sets P1 and P2

are built as graph G1 and G2. For each trail, P1 point set
is randomly generated nin points on R2 by using Gaussian
uniform distribution N (0, 1), where nin is represented inlier
points. P2 point set is made up of both nin with additional
Gaussian noise N (0, σ2) and nout as outliers generating by
N (0, 1).

In this setup, we check out all the methods on this dataset
to quantitatively access the matching accuracy. nin is fixed
to 10. Typically, we use the following form for measuring
the pairwise similarity of edges which employs the negative
exponential of square distance of two point pairs:

fE(ia, jb) = exp(−(‖pi − pa‖ − ‖pj − pb‖)2/σ2
s), (8)

where i and a are regarded as nodes in P1 while j and b in P2,
σ2
s = 120, fV (i, a) = 0 (No unary similarity is used). This

measurement is also used in many other papers [1, 22, 21]. In
order to satisfy one-to-one matching constrains, the linear as-
signment of the Hungarian algorithm is applied to execute on
the resultant assignment vector as a post-processing scheme.
Visually, this simulates deformation and clutter in the obser-
vations that resemble many real-world applications and are
equivalent to experiments in previous works [20, 5].

The experimental results are illustrated in Fig.3. Obvi-
ously, the overall performance of our method (the green line)
mainly appears uppermost with varying the deformation and
it can cope better with various deformation noise within little
up-and-down-motion. Separately, the time cost of our method
stay stable within acceptable limits. And the accuracy of our
method remains steady until deformation noise reaches 0.2,
then it gradually descend but still performs better than other
methods. As for objective score, our method, adapting the
varying deformation, tends to be smooth while SM, RRWM
and IPFP drop with lots of fluctuations. Compared with MP-
M, our method is slightly better especially with the increasing
deformation noises, which indicates that our method is quite
robust to deformation.



Table 1. Performances of matching accuracy in real image dataset w/o learning and w/ learning.
w/o learning w/ learning

method Face Bottle Duck Motor Car Face Bottle Duck Motor Car
SM [7] 45.6 23.9 30.0 29.5 33.0 57.4 66.3 45.7 58.5 57.5

MPM [18] 66.2 70.0 36.7 46.5 39.0 93.8 83.9 68.0 72.0 64.0
RRWM [21] 59.7 69.6 37.3 49.0 25.0 91.0 86.1 70.7 70.5 68.0

KNNPM(ours) 67.9 70.0 43.3 43.5 30.5 91.9 85.4 74.7 74.5 69.0

3.2. Feature Point Matching across Image Sequences

The CMU Hotel Image dataset, as one of the most popular
benchmarks [22, 9] for graph matching, includes 101 images
of Hotel with each image manually labeled with 30 landmark-
s over an ever-increasing temporal baseline [20, 9, 23]. The
larger the interval between the two frames, the more chal-
lenges due to the increasing deformation. We matched totally
460 pairs that were all probable image pairs divided into 10,
20, 30, · · · , 100 frames with calculating the mean matching
accuracy per sequence gap. The nodes were randomly gener-
ated with landmark points as 30 or 20 and the affinity matrix
was conducted the same as in synthetic point set matching
with σ2

s =2000.
Our method KNNPM outperforms other methods at a high

deformation shown in Fig.4(a). With the sequence gap and
outliers increasing, our work still indicates the best perfor-
mance in different sequence gap in Fig.4(b), which obviously
proves our method is robust and much more potential than
other methods.

3.3. Real Image Dataset for Learning and Matching

In this subsection, we apply our method in real image match-
ing problems by using local feature detectors as nodes. Re-
al images of 5-object-class dataset [5] are available publicly.
Each class contains at least 40 images with different instances
manually annotated 10 distinctive points as nodes. The image
set is divided into two random partitions for each object, while
20 images are used to train and 200 to test on average of 10
random splits.

We took in the latest learning framework [5] to learn a
graph model of our method to evaluate the performances. No-
tably, this learning strategy is commonly useful for compar-
ison among graph matching algorithms because any method
can be treated as a graph matching model. And this dataset is
checked since it contains images with complex scene, not on-
ly background clutter but also significant intra-category, and
view-point changes. Contrary to many related works, it uses
a local feature detector without any additional manual prun-
ing on cluttered images. In this case, a significant myriad of
outliers exists, and thus graph matching becomes challenging.

In this experiment, we select KNN features (k=50) for
each node of the model graph based on dot product simi-
larity, and construct a fully-connected graph for initializa-
tion. At last, we compare the proposed approach with SM,

RRWM, MPM in this framework, for these three are com-
parative and related algorithms for different pooling (sum-
pooling, random-pooling, max-pooling). The matching ac-
curacy both with learning and without learning are presented
in Tab.1. Our method effectively operates on deformation and
other variations in practice. Through learning, it performs ex-
traordinary better than others in most classes. Interestingly,
our approach on duck class is always the top one whether
with learning or without by exceeding the runner-up 4% and
6%, which is extremely inspired and totally states that our
method is comparative and more robust than others. As for
car and motorbike classes, our algorithm easily outperforms
other methods through learning the graph model. Therefore,
our method is worth using learning method to learn a graph
model to match with promising and convincing matching ac-
curacy. In additional, some relatively comparable examples
are presented in Fig 5, which shows that our algorithm works
well, whereas other algorithms seems confused to distinguish
true matches from false matches.

4. CONCLUSION

Our work focuses on a novel algorithm KNNPM inspired
by feature pooling perspective in graph matching framework,
which is well-established and dependable method that takes
the locality of features into consideration for grasping the
significant features for matching. Through the comparison
results with other state-of-the-art methods on three general
datasets, clearly, our method performs better. Furthermore,
it reveals that the matching accuracy whether with learning
or without learning are both better than others at most cases,
especially for the matching with learning ones. In addition,
since graph matching can be used in many applications, such
as image retrieval, recognition, image understanding, we will
explore and combine these further in the later work.
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