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Abstract. Video understanding has received more attention in the past
few years due to the availability of several large-scale video datasets.
However, annotating large-scale video datasets are cost-intensive. In this
work, we propose a time-efficient video annotation method using spatio-
temporal feature similarity and t-SNE dimensionality reduction to speed
up the annotation process massively. Placing the same actions from dif-
ferent videos near each other in the two-dimensional space based on fea-
ture similarity helps the annotator to group-label video clips. We evaluate
our method on two subsets of the ActivityNet (v1.3) and a subset of the
Sports-1M dataset. We show that t-EVAEI can outperform other video
annotation tools while maintaining test accuracy on video classification.
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1 Introduction

The availability of large-scale video datasets [17,[19,[20] has made video under-
standing in various tasks such as action recognition [25}37]/41], object tracking
[42,/47,/48] an attractive topic of research. Various supervised methods [8}37,/41]
have improved video classification and temporal localization accuracy on large-
scale video datasets such as ActivityNet (v1.3) [17]; however, labeling videos on
such a large-scale dataset, requires a great deal of human effort. Therefore, other
methods aim to train the networks for tasks such as video action recognition in
a semi-supervised [1,46] manner without having the full labels. To decrease the
dependency on the quality and amount of annotated data, [12}/15] investigate
pre-training features with internet videos with noisy labels in a weakly super-
vised manner. However, these methods do not achieve higher accuracy on video
classification tasks than supervised models on large-scale video datasets such as
Kinetics [20]. Instead of using such techniques, we focus on reducing the anno-
tation effort for adding more training data.

Fully-supervised models require much annotated data that is unavailable as
videos are unlabeled by nature, and annotating them is labor-intensive. Large
scale datasets [6}/17,]20] use strategies like Amazon Mechanical Turk (AMT) to
annotate the videos. [20] uses majority voting between multiple AMT workers
to accept annotation of a single video. Using such methods is not efficient for

! nttps://github.com/spoorgholi74/t-EVA


https://github.com/spoorgholi74/t-EVA

2 S. Poorgholi et al.

video annotation on a large scale as it costs a lot in terms of time and money.
MuViLab [2], an open-source software, enables the oracle to annotate multiple
parts of a video simultaneously. However, these methods do not exploit the
structure of the video data.

We introduce an anno-
tation tool that helps the
annotator group-label videos
based on their latent space
feature similarity in a 2-
dimensional space. Transfer-
ring the high-dimensional fea-
tures obtained from 3D Con-
vNet to two dimensions using
t-SNE gives the annotator an
easy view to group label the
videos both, temporal labels
and classi cation labels. The
annotation speed depends on
the quality of the extracted
features and how well they are
placed together in the t-SNE
plot. If the classes are well-
separated in the t-SNE plot,
group labeling becomes faster
for the oracle.

Fig. 1: Comparison of annotation time using dif-
ferent tools versus video time for the Activi-
tyNet [17] subset-1. Our annotation method (t-
EVA) outperforms the conventional (no specic
tools) annotation and MuViLab [2] in annota-
We evaluate our method tion time. With a window size of 128 time-steps
on two subsets of ActivityNet (12$-TS)3 our mgthod can annotaFe 769 minutes
(v1.3 datasets) [17] and a sub- of wpleo in 21 mmutes. The MuViLab and con-
set of Sports-1M dataset [19] ventional annotation numbers are extrapolated.

with 15 random classes.Con-

ventional annotation refers to

humans watching the videos

and annotating the temporal

boundaries of the human actions in videos without any speci c tool. MuViLab
is a more advanced open-source tool that extracts short clips from each video
and plays them simultaneously in a grid-like gure beside each other. Oracle
can annotate the video by selecting multiple short clips at the same time and
assigning the speci c class. We show that t-EVA outperforms conventional anno-
tation techniques (with no speci c tools) and MuViLab [2] in time of annotation
(ToA) by a large margin on the ActivityNet dataset while still being able to
keep the test accuracy on video classi cation task within a close range of using
the original ground truth annotations (Figure 1).
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2 Related Work

Video Understanding.  In the past, the focus was on the use of speci ¢ hand-
designed features such as HOG3D [21] SIFT-3D [33], optical ow [34] and iDT
[40]. Among these methods, iDT and Optical ow is being used in combination
with CNNs in di erent architectures such as two-stream networks [36]. After-
wards, some methods use 2D CNNs and extract features from video frames and
combine them with di erent temporal integration functions [14, 45]. The intro-
duction of 3D convolutional [35, 37] in CNNs which extend the 2D CNNs in
temporal dimension show promising results in the task of action recognition in
large-scale video datasets. 3D CNNs in di erent variations such as single stream
and multiple-stream are among state of the art in the task of video understand-
ing [4, 10, 13,18, 28, 32, 38]. In this paper, we utilize single a stream 3D CNN
architecture to obtain video features.

Dimensionality Reduction. Dimensionality reduction (DR) is an essential
tool for high-dimensional data analysis. In linear DR methods such as PCA, the
lower-dimension representation is a linear combination of the high-dimensional
axes. Non-linear methods, on the other hand, are more useful to capture a more
complex high-dimensional pattern [22]. In general, non-linear DR tries to main-
tain the local structure of the data in the transition from high-dimension to
low-dimension and tends to ignore larger distances between the features [5].
t-Distributed Stochastic Neighbor Embedding (t-SNE) introduced by [39] is a
non-linear DR technique which is used more for visualization. [24] shows that
t-SNE is able to distinct well-separable clusters in low-dimensional space. More-
over, some works [5,29, 31] propose for more e ective use of t-SNE . [5] proposes
a tool to support interactive exploration and visualization of high-dimensional
data. An alternative to t-SNE is UMAP [29]; however, t-SNE is well studied,
shows good results, and has the bene t of high-speed optimization [31]. t-EVA
uses t-SNE to reduce the dimensionality of the feature representations.

Data Annotation is essential for supervised models. Di erent tools are pro-
posed for making an easy annotation tool for videos and images. However, they
usually do not exploit the structure of the data, which is especially useful in
videos [2, 3, 7]. Some methods [11,23,26,44] are designed to make the process of
image annotation easier. [23] o ers a real-time framework for annotating inter-
net images, and [11] uses multi-instances learning to learn the classes and image
attributes together; however, none of these methods use a deep representation
of data. In more recent works, [44] utilizesDeep Multiple Instance Learning to
automatically annotate images and [26] uses semi-supervised t-SNE and feature
space visualization in lower dimension to provide an interactive annotation en-
vironment for images. [9] proposes a general framework for annotating images
and videos. However, to the best of our knowledge, our method is the rst video
annotation platform that can exploit the structure of video using latent space
feature similarity to increase the annotation speed.
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Fig. 2: t-EVA pipeline: 1) Video clips are extracted from n consecutive frames

[to-tn] (time-steps). 2) Spatio-temporal features are extracted from the last layer

of a 3D ConvNet before the classi er layer. 3) High dimensional features are
projected to two dimensions using t-SNE and are plotted on a scatter plot. 4)

Oracle annotates the clips represented in the scatter plot using a lasso tool. 5)
The newly annotated data is added to the labeled pool. 6) The network is ne-

tuned for a certain number of epochs. This cycle is repeated until all the videos
are labeled, or the annotation budget runs out.

3 t-EVA for e cient video annotation

We propose incremental labeling with t-SNE based on feature similarity (Fig-
ure 2). First, several videos are randomly selected from the unlabeled pool, and
3D ConvNet features are extracted. The feature embeddings are transferred to
a two-dimensional space using t-SNE. As it can be seen in Figure 3, the oracle
has two subplots for annotation: (i) A plot in which the oracle can use a lasso
tool to group label videos and (ii) Other plot with the middle frame of each clip
in which the oracle can move and zoom with the cursor on the plot and observe
where to annotate. After annotating the rst set of videos, the video clips are
moved to the labeled pool, and the 3D network is ne-tuned for a certain number
of epochs with the newly labeled videos. We continue this process until all the
videos are labeled, or the annotation budget nishes.

We use 3D ConvNets to extract features from the videos and split each video
v into k shorter clips v; = [clip1; :::; clipk] by sampling every n non-overlapping
framesclip; = [frame q;:::; frame ,]. Sampling in multiple time-steps enables us
to capture di erent lengths of actions in the dataset. Afterwards, each clip ¢ is
fed into the 3D ConvNet, for feature extraction. The features are extracted from
the last convolution layer after applying global average pooling. In t-SNE, the
pair-wise distances between feature vectors are used to map features to 2D. In
this paper, we use the Barnes-Hut optimized t-SNE version [27], which reduces
the complexity of O(NlogN) where N is the number of data-points.
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Fig.3: A minimal representation of the annotation tool. 1) The oracle can see
the scatter plot (left) and the corresponding frames from the videos (middle)
in separate gures. 2) Based on the gures' inspection, the oracle can detect
di erent clusters of an action class (kayaking) and use the lasso tool to select
the cluster. 3) In the end, the oracle assigns a label and based on the assigned
class name, the selected points in the scatter plot change color.

3.1 How to Annotate?

An overview of the annotation procedure can be seen in Figure 3. First, the
oracle sees the scatter plot with all points with the same color representing the
unlabeled pool (Figure 3 left) and the corresponding middle frame of each clip
in the video (Figure 3 middle). The oracle can move the cursor and zoom in the
plot to inspect the frames with more details. Second, using the lasso tool, the
oracle can draw a lasso around the scatter plots based on the visual similarity
and inspection of the video frames. Third, oracle assigns the labels, and the
network is ne-tuned for a certain number of epochs. The same process repeats
until all the videos are annotated, or the annotation budget ends.

4 Experiments

In this section, we rst explain the benchmark dataset and evaluation metrics. In
addition, we empirically show how our t-EVA method can speed up annotation
for the ActivityNet dataset while keeping the video classi cation accuracy in

a close range to the usage of the ground truth labels. We also compare our
results with MuViLab [2] annotation tool. Furthermore, we qualitatively show
how t-EVA can help to annotate the Sports1-M [19].

4.1 Datasets

ActivityNet (v1.3) is an untrimmed video dataset with a wide range of hu-
man activities [17]. It comprises of 203 classes with an average of 137 untrimmed
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