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Abstract—This paper focuses on videos of re-enactment of
ancient Confucian rituals, and develops a method to search
videos based on the similarity in motion. The aim of this
paper is to create a function that returns the k videos in
the dataset which are the most similar to a given video. In
order to properly analyse the videos, we treat each video as a
time series, extracting motion-related features for each frame.
Subsequently, we develop a model of similarity search based
on Dinamic Time Warping and Radial Basis Function.

I. INTRODUCTION

The Book of Li (or Book of Rites) is an ancient text
of the classical Chinese period describing the cerimonial
rituals, as well as social behaviour and manners that were
deemed proper according to the teachings of Confucius.[3]
This Machine Learning project is based on a selection of
videos on these ancient Eastern rites. The aim of this project
is to devise a method to retrieve the k videos most similar
to a given video, based on the motions appearing in the
video. Hence, we provide a method to compute the similarity
between the motion that appears in different videos, and
return the k videos that have the highest similarity score
with respect to the input video.

II. DATA AND CHALLENGES

A. The Datasets

The data that we used consisted of three datasets of
videos, for a total of 213 videos of the ancient Confucian
rituals:

• The first dataset, posecuts frontview, consists of 40
videos showing the front view of a person performing
determined actions in the framework of ancient Confu-
cian rituals.

• The second one, posecuts sideview, is relatively similar
to the first dataset in the fact that it also consists of 40
videos. However, this time they show the side view of
a person performing different actions.

• On the other hand, the third dataset, bodyvocab, com-
prises 133 videos of varied types of actions. The videos
in this dataset are more heterogeneous and complex in
their nature than in the other two, as the persons may
perform different types of actions from different views,
and other objects may appear.

Along with the videos, we have also been given some textual
annotations for each video to be used for assessing the
model.

B. Challenges of the Datasets

Each of the three datasets consists entirely of videos.
Therefore, the first challenge that we had to address was
to convert the videos into items that could be analysed
more easily. As explained in the Feature Extraction part,
we considered each video frame by frame, and obtained
the data relative to bodyparts and their movement for each
frame. Ultimately, each video was considered as a multi-
dimensional time series, where each dimension represented
a movement feature. We chose time series representation as
it has relatively low cost in storage space and computational
time. [6] Moreover, as we will see in Section IV, it allows
to use certain similarity measures (such as dynamic time
warping) which are useful in our model.

III. DATA PREPARATION

A. Feature extraction

In order to extract the data regarding the angles and
coordinates of the different body parts, we used PoseNet, a
public model provided by Tensorflow [1] [5]. PoseNet does
a pose estimation, finding the coordinates of certain salient
bodyparts (eyes, nose, elbows, feet, and many others) known
as keypoints.
PoseNet expects processed camera image as a result we
have considered each video as a vector of frames. We have
obtained the basic raw features from the resulting keypoints.
Based on the confidence scores and their coordinates we
have calculated the angles between joints and their lengths.
In this way we have extracted the raw features from videos
that we used to train our model. Figure 1 illustrates the raw
features that have been extracted for a particular frame.

Figure 1. Features obtained from Pose Estimation of a frame
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B. Feature expansion

To get a better representation of the intrinsic relations in
the dataset we have applied the following feature expansion
to the raw features:

• Standardization: this allows to better compare the
different videos in the dataset as the dataset is center
around a mean of 0. In order to carry out this step, the
library scikit-learn [7] has been used.

• Extraction of x and y components of the angles :
this is obtained through an application of cosine and
sine.

• Log-transform of the square of the angles.
• Angular velocities along each axis : the velocities are

computed across frames.
• Angular accelerations along each axis.
• Polynomial expansion along the x-axis : emphasizing

the motion along the x-axis.

C. Dimensionality Reduction

After the feature expansion, in order to improve our
dataset, we applied a dimensionality reduction in the form
of principal component analysis (PCA). In order to do so,
we used the library scikit-learn [7]. PCA allows to reduce
the computational time taken for the similarity measure by
reducing the dimensionality of data.

IV. SIMILARITY SEARCH: MAIN APPROACH

A. General idea

We developed a function that returns the k videos in a
dataset that are the most similar to a video input. In order
to do so, we calculate the similarities between the input
video and all other videos in the dataset using one of the
similarity measures described in the following sections, and
return the k videos with the highest similarity score.

B. Dynamic time warping (DTW)

1) Optimization using Sakoe-Chiba local constraints:
One common similarity measurement method for times
series (we will consider the extracted keypoints to be time
series) is dynamic time warping (DTW). It allows to look
for similar sequences within time series (i.e. many-to-one
comparison) instead of doing only one-to-one comparison.
The idea is to compute a cumulative distance matrix where
the last element computed represents the distance between
the two time series. [2] The recurrence formulation of the
algorithm is :

γ(i, j) = d(Ti, Sj) +

min (γ(i− 1, j − 1), γ(i− 1, j), γ(i, j − 1)),

where d(Ti, Sj ) represents the distance (e.g. Euclidean,
Manhattan, Cosine) between the components i and j of the
time series T and S respectively.

The algorithmic solution implemented using dynamic pro-
gramming has a complexity of O(m ∗ n) where m and n
represent the respective number of frames in each video. For
very large videos, this may not be efficient. As a solution,
the implementation using Sakoe-Chiba band (which is a
local constraint on the warping path, illustrated in Figure2)
reduces the complexity to O(δ(m+n)) which is much better
than the previous one, where δ is the window. [2] For the

Figure 2. Sakoe-Chiba band

implementation of this function, we used the library tslearn,
which is specifically designed for time series analysis [10].

2) A novel approach to DTW using a soft-min: Another
approach recently developed includes a soft-min approach.
As the dynamic time warping is not differentiable, gradient-
based method cannot be applied to speed up the process.
Thus, a soft-min approach was developed by Cuturi and
Blondel [4] that implements a backward method for com-
puting the gradient of the differentiable loss function:

soft-min(a1, . . . , an) = −γ log
n∑

i=1

e−
ai
γ

In order to implement the method, the tslearn python library
[10] has been used.

C. RBF-based approach

Finally, we have implemented a method based on the
RBF (Radial basis function) kernel. [11] We feed in the
mean of the computed distance matrix (i.e. combinations of
frames between two videos).
This method can be expressed as:

Score (i, j) = e
−mean Distance

2∗σ2

For our implementation, the distance matrix is computed
using the squared Euclidean distance, and σ is a hyper-
parameter determined in a way to give a reasonable-sized
region of similarity. Figure 3 depicts our motivation. Deter-
mining a good σ was detrimental as it influences the region
of similarity[9]. When setting the value of σ, not being too
strict can allow to boost the performance, especially when
we mix the models. Thus, we set σ = 1.

D. Model averaging approach

In order to improve the results, we chose to combine
the three methods and perform a model averaging
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Figure 3. Motivation for the RBF-based method: a larger σ allows for a
broader range of similarity

where only the best predictions would be given. Indeed, this
gave a better result than just considering the methods by
themselves although it comes with a drawback of a slight
increase in computational time. We strongly believe that
for a method not based on clustering, model averaging can
produce descent results provided a good data preparation
and cleaning.

V. RESULTS AND EVALUATION

A. Model Evaluation and Similarity scores

To assess the performance of the model, we used a F-
1 metric (i.e. the harmonic mean of precision and recall).
[8] This is more reliable than an accuracy in our case where
false positive and false negative should be heavily penalized.
Regarding the similarity scores resulting from each method,
a more practical approach would be to define a standardized
score for all methods (DTW and RBF-based) and give
weight to the most recurring ”predictions”, for the model
averaging approach. In fact, in practice, small annotation of
the data was provided to us. However, relying solely on a
feedback function that uses annotations is not desirable, as
it is not scalable.

B. Results

1) Model performance before model averaging: Figures
4 and 5 show the performance of the DTW and RBF-based
methods on the set posecuts sideview. We have noticed
that the results with the soft-min DTW approach were
pretty much similar to the standard DTW, thus we have not
included another boxplot.

2) Model performance after model averaging: One find-
ing that we made was that although the soft-DTW and the
DTW provide similar results,”averaging” the three models
give a higher performance than just considering two models
out of three. Figure 6 shows the increase in performance
after averaging. A similar performance was also obtained
on the front view training dataset.

The Figure 7 below shows the advantages of combining
the model averaging approach with a preprocessing of
the dataset. It can be seen that the results are more robust
(with respect to the F-1 score) with the model averaging
as the medians are almost similar (for both cases) even
if the interquartile range is bigger (without preprocessing).

Figure 4. F1 score (top) and computational time (bottom) with the
search model based on DTW with cosine similarity measurement on
posecuts sideview.

Figure 5. F1 score (top) and computational time (bottom) with the RBF-
based search model on posecuts sideview. The results are for k = 5, k =
10 and k = 15.

Figure 6. F1 score (top) and computational time (bottom) with Model
averaging on posecuts sideview with preprocessed Dataset.

One significant downside of not using a preprocessing is the
increase in computing time as shown.

C. Results on bodyvocab

The global performance on the bodyvocab dataset is way
below the one we had with the other sets. Many reasons
can explain these results. The test dataset included many
people instead of only one, although in many videos of the
dataset the people were performing the same movements.
Our model seems to be quite sensitive to this setup.Further
improvement in dealing with multiple people can definitely
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Figure 7. F1 score (top) and computational time (bottom) with Model
averaging on posecuts sideview with unpreprocessed Dataset.

improve the results.

Figure 8. Test results for k = 5, k = 10, k = 15 for bodyvocab, showing
F1 score (top) and computational time (bottom).

VI. DISCUSSION

A. General remarks

Overall, the results that we obtain were rather satisfactory
on the videos in posecuts frontview and posecuts sideview.
We also managed to obtain satisfactory results with the
videos in bodyvocab, even though these appeared to be less
accurate than for the other two datasets, due to the greater
complexity and additional noise.

A problem with our model is that it is scalable only to a
certain extent to the entire database of videos on Confucian
rites. Firstly, because of the large size of the database,
it would take a very long time to compute the distance
from the input to all other videos. Secondly, the other
videos database present different features, objects, people
and settings that were not accounted for in our simpler
model. Further analysis and an improved feature extraction,
using other models besides PoseNet, would be necessary to
account for these new factors.

B. Ideas for improvement

We propose to investigate a KD-tree based structurefor
retrieval. This type of indexing extends the binary search
tree to higher dimensions. It is possible to constitute the

KD-tree based on a similarity calculation with fundamental
and redundant motions. One challenge would be to keep
the number of features (here the redundant and fundamental
motions) to a reasonable number so that maintenance and
query can be done efficiently. This idea has not been tested
but we believe it can be interesting for further research.
Due to the high dimensionality of the videos, constituting
a base (i.e. the redundant and fundamental motions) for
comparison can speed up the query, hence allowing a K-
nearest neighbors approach to this problem.[12] With the
Confucius rituals, many movements are similar, we can think
of having an ”orthogonal base of movements” from which
all the other movements derive.

VII. ALTERNATIVE APPROACH: CLUSTERING OF THE
DATASETS

A. Methodology

After having devised a method that returns a list of similar
videos, we chose to investigate the possibility of an different
approach, to compare it to the main model and leave it for
further research. This new method is based on clustering of
the videos in the dataset.

In order to cluster each dataset, we used the library tslearn
[10]. As in the previous part, we used the DTW algorithm
to compute the distance between videos. In order to do the
clustering, we used a K-means algorithm optimized for time
series. We find the number of clusters to be

number of clusters =
size of the dataset

k

. The size of each cluster will not be exactly k. However, k
will be the average size of each cluster9, and if the clustering
is balanced, then k will approximate to the cluster size.

Our method creates a clustering of all the dataset, and
predicts and returns the cluster to which the input video
belongs.

B. Results and Discussion

The results of the clustering-based method are illustrated
by Figure 9.

In order for a clustering-based method to return exactly
k videos, we should apply a form of soft clustering, where
each video can belong to multiple clusters.

Moreover, the videos in a certain cluster are not necessar-
ily all the most similar ones to the input video. Furthermore,
as the number of cluster increases, an increasing number
of cluster will consist of only one video, and would not
therefore provide any other similar videos. Nonetheless,
the clustering based model could potentially allow to see
certain categorization of rituals that might not have been
self-evident.

Alternative methods could improve the accuracy of the
clustering. For example, Gaussian Mixture Models might
achieve better results, as they account for variance within
clusters. We leave such improvements for further research.
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Figure 9. Test results for the clustering based method, showing for k = 5,
k = 10 and k = 15 on posecuts sideview, showing F1 score (top) and
efficiency of the clustering (bottom).

VIII. CONCLUSION

Our project provided a method to retrieve videos with sim-
ilar motion given a video from the Confucian Rites database.
Further research would address the entire database, consid-
ering the previously mentioned scalability issues. Moreover,
another question that will arise is to carry a clustering of
motion in the entire database: this practice could potentially
uncover previously unnoticed patterns regarding the ancient
rites of Confucius.
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