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ABSTRACT

Dense trajectories are widely used in human action recogni-
tion. However, the relationships among trajectories are rarely
exploited and a large mount of useful information is miss-
ing. In this paper, we propose a novel approach to employ
the space-time relationships between different trajectories for
action recognition. In our approach, each trajectory is paired
up with several neighbors which are spatially and temporal-
ly close to it. A GMM (Gaussian Mixture Model) is then
trained and Fisher Vector is employed to quantify the pairwise
trajectories. In this way, the local spatial and temporal struc-
ture information around each trajectory is explored for feature
representation, which improves the discriminative ability of
the features. The experimental results on several benchmark
datasets show that our pairwise trajectory representation out-
performs the state-of-the-art approaches.

Index Terms— Pairwise trajectory, action recognition.

1. INTRODUCTION

Action recognition [1, 2] in videos is playing an increasing-
ly important role in computer vision. Although there have
been numerous works [3, 4, 5, 6] on this issue, it is still one
of the challenging problems in computer vision due to the
background clutter, occlusions, viewpoint variations, inter-
and intra-class variations, and subject differences.

Recently, a common solution using improved dense tra-
jectory (IDT) and fisher vector (FV) shows the state-of-the-art
performance on several popular benchmarks [7, 8, 9, 10]. In
this solution, Gaussian Mixture Model (GMM) based code-
book is built to represent the distribution of local features in
training videos, which is then used to encode the local fea-
tures of a given video. In this approach, all trajectories are en-
coded disorderly, while the relationship between different tra-
jectories is ignored. For instance, in Figure 1, assuming there
are two videos A and B of two different action categories, the
upper part shows the extracted trajectories and their distribu-
tions in two videos respectively. As can be observed in Fig-
ure 1, for each trajectory in A, there exists a similar trajectory
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Fig. 1: Illustration of our proposed pairwise trajectory compared to
the traditional IDT features. The number [i] represents trajectory Ti,
and [i , j] represents the pairwise trajectory generated by Ti and Tj .

in B. With the traditional encoding approach, the results for
A and B are similar and thus it is hard to discriminate the two
actions. Actually, the spatial-temporal structures and distri-
butions of the trajectories are different in two videos, which
present different motion patterns of two actions. To effec-
tively discriminate them, the relationship between trajectories
should be considered so as to capture their spatial-temporal
structures and distributions in the videos.

Similar problem exists in the popularly used Bag-of-
Words (BoW) model in image classification. There have been
a number of works that discover the higher-order structure
inherence according to the spatial relationship of features to
improve the classification performance [11, 12, 13]. Morioka
et al. [13] propose Local Pairwise Codebook (LPC), which
pairs up the image features within a small region to gen-
erate a high-order codebook and has shown its outstanding
performance. Inspired by these works, we propose a novel
approach to exploit the space-time relationships among video
trajectories for action recognition.

In our approach, we employ space-time pairwise trajec-
tories (SPT) to discover the local structures and distributions
of trajectories in videos. An example is illustrated in Fig-
ure 1. For instance, in videos A and B, the neighboring
trajectories of trajectory T1 are different. This implies dif-
ferent feature structures and motion patterns. Thus, for the
description and encoding of the trajectories, we take into ac-
count the neighboring trajectories to distinguish them. For
trajectory T1, by combining its neighbors, we generate the
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Fig. 2: The pipeline of our approach. Different from the traditional IDT+FV framework, we pair up the trajectories spatially and temporally
to formulate pairwise trajectories after trajectory extraction.

trajectory pairs (T1, T2), (T1, T3) to express T1 with the local
information around it. By exploiting the local structure in-
formation around the trajectories, these trajectory pairs have
stronger discriminative ability than the single trajectory. In
our approach, first we define a trajectory distance to measure
the space-time relationship between two trajectories. Second,
multiple strategies are proposed to find the optimal trajectory
pairs. Finally, we generate the Space-time Pairwise Trajec-
tories (SPT) by taking the mean of the paired trajectories as
shown in the lower part of Figure 1.

2. RELATION TO PRIOR WORKS
As discussed in Section 1, the traditional IDT + FV frame-
work encodes the trajectories disorderly, and ignores the local
structure of the feature distribution. To solve this problem, a
number of works focus on employing the space-time locations
and distributions of trajectories for action recognition.

In [14, 15], Spatio-Temporal Pyramid (STP) is proposed
to embed the local structure information by dividing a video
with fixed grids and pooling the features locally into each
grid. This generates much higher dimensions than the original
representations. In [16], the Spatial Fisher vector (SFV) [17]
is adopted which computes the means and the variances for
the spatio-temporal locations of the assigned trajectories to
encode the spatio-temporal location information. The fea-
ture vectors are extended with the spatio-temporal location-
s. Compared with STP, similar or slightly better results are
achieved with much lower dimensions. In [18], the Space-
Time Extended Descriptor (STED) is proposed which extends
the feature vectors with the normalized mean of the spatio-
temporal locations instead of the mean and the variance. This
kind of works directly use the spatio-temporal locations to
describe the distribution of trajectories in videos. However,
the relationships between different trajectories are not con-
sidered.

Inspired by the success in object recognition, mid-level
video representation approaches are proposed in action recog-
nition. In [5], graphical models are utilized to represent the
relationship between different trajectories. The GANC algo-
rithm [19] is then used to put the trajectories into a number of
groups to construct a latent variables model and train the mod-
els discriminatively. In order to enhance the discriminative a-
bility of the groups, Ni et al. [20] adopt an optimization algo-
rithm to assign the discriminativeness weights of each trajec-
tory group to achieve trajectory group selection. Atmosukarto

et al. [21] model a structured bag of trajectory groups with la-
tent class variables, and learn discriminative trajectory groups
by employing multiple instance learning (MIL) based Sup-
port Vector Machine (SVM). This kind of approaches group
the features according to the similarity between them to form
a higher-level representation, and then train a model to cap-
ture the relationship between the groups. The performance is
heavily dependent on the selection of the groups.

In this paper, we propose a novel approach to discover and
describe pairwise trajectories for action recognition. By de-
scribing each trajectory with its neighbors, we can capture the
local structure information around it. Furthermore, instead of
building complex models or higher-level representations, we
focus on rebuilding the low-level features. This makes our
feature representations more compact and robust.

3. PAIRWISE TRAJECTORY REPRESENTATION
FOR ACTION RECOGNITION

The pipeline of our approach is shown in Figure 2. First, we
extract improved dense trajectories from the videos. Second,
we generate the pairwise trajectories by defining the spatio-
temporal distance between trajectories. Third, a GMM code-
book is trained and the fisher vector encoding is employed to
quantify the pairwise trajectories for the final video represen-
tation. Finally, a linear SVM is used for classification.

3.1. Trajectory Distance
To find the neighbors for each trajectory, first we define the
distance between trajectories. Let V = {T1, T2, T3, · · · , TN}
be a set of trajectories extracted from a video. Each trajectory
Ti can be represented as

Ti = {φi, Pi, τi}
Pi = {(xi1, yi1), (xi2, yi2), · · · , (xiL, yiL)}

where τi is the index of the frame where Ti starts, Pi is the
trajectory coordinates, L is the length of the trajectory, and φi
is the appearance/motion description which consists of Tra-
jectory Shape, HOG, HOF, MBHx, and MBHy.

Given two trajectories Ti and Tj , we define the distance
between them as

dist(Ti, Tj) = ds(Ti, Tj) · ln(dt(Ti, Tj) + e) (1)
ds(Ti, Tj) = ‖Pi − Pj‖2 (2)

dt(Ti, Tj) = |τi − τj | (3)

where ds, dt are the spatial and the temporal distances be-
tween two trajectories respectively, ‖·‖2 denotes the `2 dis-
tance, and the natural constant e is used for smoothness.
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Fig. 3: (a) KNN-based trajectory paring by selecting the k closest
trajectories within a fixed temporal distance. (b) Stacked trajectory
pairing by selecting the closest trajectory for each temporal distance
scale.

3.2. Generation of Pairwise Trajectories
In our approach, we employ pairwise trajectories to capture
the local structure information around each trajectory. One
problem is how many pairs should be generated for each tra-
jectory. One option is to pair each trajectories with all the
others. However, this will produce a series of issues. First,
assuming there are N trajectories, there will be N(N+1)

2 tra-
jectory pairs which is potentially very large even if the size of
N is moderate. Second, two trajectories which are far away
from each other are usually unrelated. Several feature selec-
tion literatures [11, 12] have shown that most of them do not
help to improve the performance of classification and may
cause the over-fitting problem. In this section, we propose
two strategies to avoid these problems by only pairing trajec-
tories which are spatially and temporally close to each other.

3.2.1. KNN-based Trajectory Pairs
As shown in Figure 3(a), one straightforward way is to pair
a trajectory Ti with its k nearest neighbors according to the
distance defined in Equation (1). To avoid the extreme case
where two trajectories are spatially overlapped (ds → 0) and
temporally far away, we pair up two trajectories Ti and Tj
only when their temporal distance dt(Ti, Tj) ≤ θt. Similarly,
we also filter out the trajectory pairs when ds(Ti, Tj) > θs.
For the isolated trajectories which have no neighbors, we put
it in the SPT set directly, i.e. we pair it with itself.

3.2.2. Stacked Trajectory Pairs
By pairing up two trajectories with different spatial coordi-
nates, we can capture the spatial structure or distribution of
the trajectories. Similarly, pairing up trajectories with dif-
ferent temporal coordinates can help us capture the tempo-
ral structure of the trajectories. KNN-based approach cannot
guarantee that we capture both spatial and temporal structures
of the trajectories. To solve this problem, we propose stacked
trajectory pairing.

As illustrated in Figure 3(b), given a trajectory Ti, for each
temporal distance λ = 1, 2, · · · , r, we select a trajectory Tj
such that |τi − τj | = λ and dist(Ti, Tj) is minimum. Thus,
for each time distance scale λ, we get one trajectory pair for
Ti. We filter out the pairs using the distance threshold θs as
in KNN-based approach. Inspired by multi-scale representa-
tion [22], we stack these different pairs as a new pair set. For
instance, we get pair sets S0, S1, and S2 when λ = 0, 1, 2
respectively. The isolated trajectories are put into an unpaired

set ψ. Finally, the stacked space-time pairwise trajectories are
expressed as Φ2 = {S0, S1, S2, ψ}.

3.3. Representation of Pairwise Trajectories

As described in section 3.1, each trajectory is represented as a
tuple of (φi, Pi, τi). To describe the pairwise trajectories gen-
erated in Section 3.2, we adopt the average pooling strategy.
A pairwise trajectory (Ti, Tj) is represented as

SPTc =

(
φi + φj

2
,
Pi + Pj

2
,
τi + τj

2

)
which has the same format with the standard IDT descrip-
tors. This representation encodes the local spatial-temporal
structure information around each trajectory and is more dis-
criminative for action recognition.

4. EXPERIMENTS

4.1. Experimental Settings

For the extraction of improved dense trajectories, we use the
default settings in [3]. After trajectory extraction, we find
pairwise trajectories using the algorithms proposed in sec-
tion 3 and set the distance threshold θs = 250. For KNN-
based trajectory pairing, we set θt = 5. PCA (Principle Com-
ponent Analysis) is used to reduce the dimensionality of Tra-
jectory Shape, HOG, HOF, MBHx, MBHy by a factor of 2.
Following the implementation in [3], we apply the square-root
trick on all descriptors except for Trajectory Shape.

For Fisher Vector encoding, we randomly sample 256,000
samples to train a GMM with 256 Gaussians. Power (α =
0.5) and L2 normalization are used before concatenating dif-
ferent types of descriptors into the final representation. An-
other Power (α = 0.5) and L2 normalization are used after
the concatenation. For classification, we use a linear SVM
classifier by fixed C = 100 as suggested by [3] and the one-
versus-all approach is used for multi-class classification.

Table 1: The effects of K size in KNN-based trajectory pairing.
Olympic Sports HMDB51 UCF50 UCF101

K (mAP%) (mAcc%) (mAcc%) (mAcc%)
1 89.96 59.85 92.12 87.00
2 89.84 59.87 92.38 87.08
3 91.57 60.57 92.41 87.12
4 91.23 60.39 - -
5 91.06 60.46 - -

Table 2: The effects of S in stacked trajectory pairing.
Olympic Sports HMDB51 UCF50 UCF101

S (mAP%) (mAcc%) (mAcc%) (mAcc%)
0 90.42 60.22 92.32 86.69
1 91.44 60.72 92.58 86.98
2 90.90 60.59 92.55 86.93
3 91.22 60.85 92.50 -
4 89.51 60.46 - -
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Table 3: Comparison of our proposed approaches to the state-of-the-arts.

Olympic Sports (mAP%) HMDB51 (mAcc%) UCF50 (mAcc%) UCF101 (mAcc%)
Oneata et al [23] 89.0 Oneata et al [23] 54.8 Oneata et al [23] 90.0 Sapienza et al [24] 82.3
Wang & Schmid [3] 91.1 Wang & Schmid [3] 57.2 Wang & Schmid [3] 91.2 Wang et al [25] 85.9
Wang &Oneata [16] 90.4 Wang &Oneata [16] 60.1 Wang &Oneata [16] 91.7 Wang &Oneata [16] 86.0
IDT+FV 89.5 IDT+FV 59.6 IDT+FV 92.3 IDT+FV 86.5
SPT-s (S=1) 91.4 SPT-s (S=1) 60.7 SPT-s (S=1) 92.6 SPT-s (S=1) 87.0
SPT-k (K=3) 91.6 SPT-k (K=3) 60.6 SPT-k (K=3) 92.4 SPT-k (K=3) 87.1
STED [18] 89.8 STED [18] 62.1 STED [18] 93.0 STED [22] 87.3
SPT-s (S=1)+STED 89.3 SPT-s (S=1)+STED 63.1 SPT-s (S=1)+STED 93.3 SPT-s (S=1)+STED 87.8
SPT-k (K=3)+STED 89.3 SPT-k (K=3)+STED 63.3 SPT-k (K=3)+STED 93.0 SPT-k (K=3)+STED 88.1

4.2. Datasets

Four typical datasets for action recognition are used in our ex-
periments.
HMDB51 dataset [8]: This dataset has 51 action classes and
6,766 video clips from digitized movies and YouTube. Both
original videos and stabilized ones are provided. We only
use the original videos in this paper. The standard splits with
mean accuracy (mAcc) are used for performance evaluation.
Olympic Sports dataset [7]: This dataset contains 783 video
clips of 16 sports action categories from Youtube. We use the
test-train splits provided by the dataset and the mAP (mean
Average Precision) over all the classes for evaluation.
UCF50 dataset [9]: The UCF50 dataset contains 6,618 clips
of 50 action categories. We apply the Leave-One-Group-Out
cross-validation (25 cross-validations) as suggested by the au-
thors and report mAcc over all classes.
UCF101 dataset [10]: The UCF101 dataset is extended from
UCF50 with 51 additional action categories. In total, there are
13,320 video clips. We follow the evaluation guideline from
the THUMOS13 workshop [26] using three train-test splits
and report mAcc over the three splits for evaluation.

4.3. Experimental Results

First, for KNN based trajectory pairing approach proposed in
Section 3.2.1, we evaluate the effects of different K sizes on
the classification performance. The results are shown in Ta-
ble 1. The highest performance is achieved when K = 3
for all datasets. For Olympic Sports and HMDB51 datasets
which have relatively sparse trajectories in videos, significan-
t difference is observed when K = 3 compared with other
sizes. For UCF50 and UCF101 datasets which have relatively
dense trajectories, only slight difference is observed. On one
hand, when K is too small, the local structure information
around a trajectory cannot be fully captured. On the other
hand, as discussed in Section 3.2, pairing up one trajectory
with too many trajectories does not promise better results s-
ince most of them are unrelated and will cause the over-fitting
problem especially when the trajectories are sparse in videos.
Thus, a moderate k size achieves the best performance.

Second, for the stacked trajectory pairing approach pro-
posed in Section 3.2.2, we evaluate the effects of difference
stack scales S on the classification performance in Table 2.

When S = 1 (i.e. given a trajectory, we select the closes-
t trajectory from the current frame and the next frame), the
performance is almost the highest. When we increase S, the
performance tends to be stable. Considering the efficiency
issue, S = 1 is a good choice.

Finally, we compare our approach with several state-of-
the-arts approaches in Table 3. According to the results in
Tables 1 and 2, we set K = 3 for KNN-based trajectory pair-
ing (SPT-k) and S = 1 for stacked trajectory pairing (SPT-
s). In the upper part of Table 3, the SPT are described by
Trajectory Shape, HOG, HOF, MBHx, MBHy. Compared
with the traditional IDT + FV and other approaches, our pro-
posed approaches improves the performance for all dataset-
s. This is because the pairwise trajectories contain the lo-
cal structure information around each trajectory and thus im-
proves the discriminative ability. In the lower part of Ta-
ble 3, we further extend the representations of the pairwise
trajectories with the spatial-temporal location information as
in [18]. As can be seen in Table 3, this improves the perfor-
mances on HMDB51, UCF50, and UCF101 datasets. Com-
pared with STED approach [18], our proposed pairwise tra-
jectory coding approach also performs better for HMDB51,
UCF50 and UCF101 datasets. For Olympic Sports dataset,
our approach without STED performs the best. By further
comparing STED with other approaches, the extended spatio-
temporal location information does not help much for this
specific dataset. As discussed in [18], in the Olympic Sports
dataset, each class only contains 8 testing examples on aver-
age, and the improvement may not be statistically meaningful.
Overall, the spatio-temporal location information can also be
used to describe the pairwise trajectory proposed in this paper.

5. CONCLUSION
We have presented our space-time pairwise trajectory repre-
sentations for action recognition. By embedding the local
structure information into the trajectory representation, the
discriminative ability is improved. Both two strategies for tra-
jectory pairing have shown significant performance improve-
ment. The compact pairwise trajectory representation proves
to be effective in capturing the local structure information of
the trajectory distributions in videos. For future work, we will
investigate more effective representations for pairwise trajec-
tories and local structure information embedding.
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