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Abstract. Early event detection is among the keys in the field of event
detection due to its timeliness in widespread applications. The objective
of early detection (ED) is to identify the specified event of the video
sequence as early as possible before its ending. This paper introduces
semi-supervised learning to ED, which is the first attempt to utilize
the domain knowledge in the field of ED. In this setting, some domain
knowledge in the form of pairwise constraints is available. Particularly,
we treat the segments of complete events as must-link constraints. Fur-
thermore, some segments do not overlap with the event are put together
with the complete events as cannot-link constraints. Thus, a new algo-
rithm termed semi-supervised ED (SemiED) is proposed, which could
make better early detection for videos. The SemiED algorithm is a con-
vex quadratic programming problem, which could be resolved efficiently.
We also discuss the computational complexity of SemiED to evaluate its
effectiveness. The superiority of the proposed method is validated on two
video-based datasets.

Keywords: Semi-supervised learning - Domain knowledge + Early
event detection

1 Introduction

While event detection has received rapid accumulation over the past decades [15,
19], little attention has been given to early detection (ED) [10,23,25]. ED aims
to make a reliable early identification for video sequences, where the temporal
information needs to be well exploited. Different with event detection where
the result is given after the video ends, ED gives sequential results, i.e., each
frame contained in the video corresponds to an independent detection score. An
efficient algorithm can obtain an early identification as soon as possible based
on these frame-level outputs, and the accuracy is also guaranteed. The potential
applications of ED can range form healthcare [4], environmental science [21],
artificial intelligence [14,24], etc. For example, the timeliness in human-computer
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interaction is the key issue to provide an efficient and comfortable communication
especially in this age of artificial intelligence. Therefore, ED will become more
and more important in the future.

Over the past few years, several works have been proposed for ED. The
max-margin early event detector (MMED) [10] is the first and also the most
representative model for ED. Subsequently, [23] applies multi-instance learning
to early detection based on MMED and obtain better performance in both of
accuracy and timeliness. In addition, [23] further extends the model in an online
manner to deal with streaming sequences and make it available in large-scale
applications. Some frameworks with several assumptions are also presented in
recent years. [7] tries to give a probability ration test based on probabilistic
reliable-inference, where the model is still trained on the whole video sequences.
[16] designs a RankBoost-based approach where the length of the testing video
needs to be provided before testing. [20] suffers the same problem with [16],
which is also unpractical to be utilized in real-world applications.

The application of domain knowledge to various data mining fields attracts
increasing attention due to its effectiveness [26]. Normally, the forms of domain
knowledge could be expressed in several ways: class labels, pairwise constraints
and other prior information [6]. In most cases, the domain knowledge in the form
of pairwise constraints is utilized since the cost of labelling is expensive in real-
world applications. In contrast, whether the pairs of samples belong to the same
type of class or not is relatively practical to obtain. In general, the pairs from the
same class are treated as the must-link constraints, and the pairs form different
classes are for cannot-link constraints. Moreover, the pairwise constraints can
be derived from labeled data but not vice versa. Pairwise constraints have been
applied in many applications such as facial expression recognition [11], image
retrieval [2,5], dimension reduction [6,26] and image segmentation [12,13].

Although studied extensively of domain knowledge in various applications,
few attentions have been given to ED. Introducing domain knowledge [22] to ED
raises a natural and new problem: how to combine the detection function with
the provided domain knowledge to obtain a more accurate score for each frame.
There are two key issues existed in semi-supervised early event detection. The
most critical one is to make full use of the domain knowledge to help ED model
learning. The objective of ED is to improve the performance in terms of both
timeliness and accuracy. In addition, how to define the pairwise constraints is
another problem since the label is given for video sequence and not for segments.
Therefore, the segments utilized for model training have no label information.

In this paper, we study early detection where the domain knowledge is
available in the form of pairwise constraints. A novel algorithm, termed semi-
supervised early detection (SemiED), is proposed. Inspired by the success of
MMED, we follow the framework of structured output SVM (SOSVM), and
the monotonicity of the detection function is learnt by the pairwise constraints.
Based on MMED, we introduce semi-supervised learning to SOSVM. Particu-
larly, the pairwise constraints for domain knowledge in SemiED consists of two
parts: (1) each video sequence from the datasets contains a complete event.
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We thus treat these complete events as the must-link constraints since they all
correspond to the greatest value of the detection function; (2) we extract some
segments before the event fires or after it ends, i.e., these segments have no over-
lap with the complete events. We put these segments together with the complete
events as the cannot-link constraints. We develop an efficient algorithm for prob-
lem optimization. The comparison of computational complexity of MMED and
the proposed SemiED is also provided. The superiority of SemiED is validated
on two popular video-based datasets with various complexities.

2 SemiED: Semi-supervised Early Event Detection

Notations: In this paper, the video sequences for training and their
associated ground truth annotations of interest are denoted as (X1!,y'),
(X2,9?),...,(X™, y"). Here, two elements are contained in y* = [s?, €!] to indicate
the beginning and ending of the event for the i-th training sample X?. n denotes
the total number of training videos. The length of the i-th training video X is
represented as [*. For every frame time ¢ = 1,...,1*, we adopt y} to denote the
partial event of y that has occurred, i.e., yi = y* N [1,]. yi may be empty if no
event is contained. In addition, Y(¢) is utilized to denote all the possible segments
from the 1-st to the t-th frames: Y(¢) = {y € N?|y C [1,]} U {0}. The segment
y = 0, indicates y is empty and there is no event occurs. If a video sequence
X has the number of frames, which is denoted as I, then Y(I) indicates the set
that all possible segments are contained. Note that, for an arbitrary segment
y = [s,e] € Y(I), X, is the subset of X from the s-th to the e-th frames.

2.1 Formulation

Following [10], we employ structured output SVM for early event detection. The
monotonicity of the detection function is achieved by extracting various pairwise
constraints and ranking them based on the information contained. Before the
formulation, we first give the detection function as follows:

B wlo(X,) +bif Y #0,
f(Xy,w,b) = {0 ! otherwise.

where (X)) is the feature representation of segment X,,. In this paper, we utilize
f(X,) to denote f(X,,w,b) for brevity. The fundamental principle of ED is that
the score of a positive training sample X;,- is greater than the that of any other
segment from the same video sequence, i.e., f(X;) > f(X;), Yy # y'. The early
event detection based on SOSVM can be written as follows:

L, o L
min =||wl||% + ¢
onin el 7;&

st F(XE) > F(X) + Alyhy) - (f,) @
ly*]

Vi, Vt=1,...,1' Yy € V(t).
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where | - | represents the length of the segments, and p(-) is a rescaling factor of
slack variable. Following [10], the piece-wise function with linearity is employed
as follows:

() = 2¢ 0 <z <0.5,
MEI=Y1 05<x<1 and z=0.

A(+) is an adaptive margin of the pairwise segments and denoted as the loss
of the detector for outputting y when the desired output is ', i.e, A(yl,y) =
1 — overlap(y®, y).

In this paper, we use M and C to denote the number of must-link and
cannot-link constraints respectively. We first denote & = [p(X,), p(X,1),
P(X7), p(Xo2)-p(X}), p(X7n)] € RPP™, o(X]) is the segment from the 1-st
frame to the event beginning. gp(X;) represents the feature vector of the com-

plete event in video sample X*. For brevity, we use @ = [¢(y1), ©(y2)...2(y2n)] €
R¥*2"_ Then, the objective function of the domain knowledge can be written as
minimizing J(w):

J(w)
N % Z (Fy:) - f(yj))Q - % Z (f(yi) — f(l/j))2
(vi:ys)€M (yi,y;)€C
- % Z (U}Tcp(yl) - wTSD(yj))Q - % Z (’U}Tcp(yl) _ wTQD(yj))2
(wiys)€M (yi,y5)€C

(2)

The concise form of J(w) can be further denoted as follows:

1
J(w) =5 > (woy:) —wle(y))*sy (3)
2]}
where o
M

0, otherwise.
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Then we reformulate (3) as:

J(w) = % Z(wTw(yf) —w"p(y;))? Sy

= Z who(y)e(yi)"w + who(y;)e(y) w — 20T o(yi)e(y;) " w) S

= Z(w (i) o(yi)Tw — ZwTw(yi)@(yj)Tw)Sij

2,3
=2 wlel)Siely) w = 3wl ey Sie(y;) v
%,

i,
= Z w'o(yi) Disp(yi) " w — w' @SS w
=w'd(D — 8P w
= wl¢LPTw
()
where D denotes a diagonal matrix where the entries are rows sums of 5, i.e.,
D;; = Zj Sij. L = D — S is called the Laplacian matrix. Therefore, the regular-
izer (5) can further be simplified as minimizing J(w), where
J(w) = wTdLdTw (6)

where L could be computed by the domain knowledge. Therefore, the semi-
supervised early event detection (SemiED) can be formulated as follows:

min ||w||F+'yZ§Z+wT¢LQ5T

{w,b,£1>0} 2 p
st F(X) 2 J(XD) + Alyi) ——o @
N(|y§|)

Vi, Vt =1,...,1 Yy € V(t).

During the experiments, we set a = 1 and 8 = 20 in SemiED, which are
the empirical values. The detailed information of optimization and analysis of
computational complexity can be seen in the following.

2.2 Optimization

Before the detailed optimization procedure, we first reformulate the problem (7)
as follows:

1 L
min §wT(Id+§Z5L€Z5T)w+’yZ§1,

{w.b,€>0} —
st F(X) 2 J(XD) + Alyi) ——o ®
(1)

Vi, Vit =1,...,1, Yy € V(t).
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Here, I; represents the identity matrix with size of d x d. Then, we set u =
[wT b ¢t €2..6MT € RV, N = d+ 1+ n. d represents the length of the feature
vector, n is the total number of sequences. Problem (8) can be rewritten as
follows:

1
min iuTHu + hu,

i i i _ gi

[y

Vi, Vt =1,..., 1, Yy € Y(t),
u; > 0,5 € (d+2,d+1+n).

Here, H is a block diagonal matrix with the 1-st block as I; + ®L&$T and 0 for
others. h = [0...0 0 ~...7] with n nonzero elements. We can see that this is a
convex quadratic programming problem which has massive pairwise constraints.
In this paper, the constraint generation strategy utilized in [18] is employed,
which reduces the memory consumption by several iterations. It has been vali-
dated that the convergence to the global minimum could be guaranteed.

2.3 Computational Complexity

This section presents the discussion of the computational cost for the proposed
algorithm SemiED with the comparison to MMED, which is the most repre-
sentative framework for ED and the proposed SemiED is designed based on
MMED.

(1) MMED: The optimization of MMED is a standard quadratic program-
ming problem. According to the computational complexity theory stated in
[17], the complexity of MMED is O((n 4+ d + 1)3S) and roughly estimated by
O((n + d)3S). Here, n is the number of training samples, d is the dimension of
the feature and S denotes the size of the problem encoding in binary.

(2) SemiED: Similar to MMED, the solution of SemiED is a quadratic
programming problem, and the complexity of optimization procedure is also
O((n + d)3S). In addition, SemiED needs to compute the regularizer and the
most expensive operation contained is the computation of (I + @L®T), which
needs the complexity of O(n?d + nd?). Therefore, the computational complexity
of SemiED is O((n+d)3S). We can see that SemiED shares the same complexity
with MMED although domain knowledge is adopted in SemiED.

3 Experiments

This section validates the performance in terms of accuracy, timeliness and
training time cost on two video-based datasets: Weizmann dataset and UvA-
NEMO dataset. There are 10 different actions and two smiles in Weizmann and
UvA-NEMO respectively. During our experiments, the specified event “Bend” on
Weizmann dataset and the event “spontaneous smile” on UvA-NEMO dataset
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are chosen for detection. In the following, we first introduce the datasets, exper-
iment setup, as well as evaluation criteria before the analysis of experimental
results.

3.1 Datasets

Weizmann Dataset. It [3] is created from 9 subjects and 90 video sequences
are contained, i.e, every subject performs 10 actions. The specified actions are:
Bend, Jack, Jump, Pjump, Run, Side, Skip, Walk, Wavel and Wave2. Following
[10], we concatenate all actions of the same subject to construct a longer video
sequence. Particularly, we put the targeted event “Bend” at the end of each
longer sequence. In this paper, the AlexNet architecture [9] is utilized for frame-
level feature extraction, in which the features have the dimensionality of 4096.
Then, we apply PCA for feature dimension reduction, and 1000-dimensional
features are obtained. Note that we utilize the leave-one-out cross validation for
Weizmann dataset due to the limitation of video samples.

(a) Bend/Run/Side on Weizmann dataset

b) Spontaneous/Deliberate smile on UvA-NEMO dataset

FP -- ‘ -

Fig. 1. Examples from two video-based datasets. Note that the length of each sequence
is set to the same as “10” for better illustration, which does not represent the actual
length. (a) Bend/Run/Side on Weizmann dataset; (b) Spontaneous/Deliberate smile
on UvA-NEMO dataset.

Table 1. Statistics of benchmark datasets.

#Sample #Feature
Training Test

Video | Pairwise constrnts | M constrnts | C constrnts
Weizmann 8 120 16 8 1 [1000
UvA-NEMO |800 [1200 1600 800 440 | 944
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UvA-NEMO Dataset. It is built for the analysis of the dynamic difference
from spontaneous/deliberate smiles. It consists of 1240 smile videos, where 597
are spontaneous. All the videos contained begin with a neutral or near-neutral
frame, and the same situation with the ending frame. During the experiments,
the Local Binary Patterns (LBP) [1] is adopted for frame-level feature extraction.
Particularly, we crop each frame into 4 x 4 blocks and the number of neighboring
points is set to 23. Thus, the dimensionality of the extracted feature is 4 x 4x59 =
944.

We present some examples for illustration from each dataset in Fig.1, and
summarize the statistics in Table 1.

3.2 Experiment Setup

Compared Approaches. The results of SemiED are compared with two base-
line methods (FrmPeak, FrmAll) [23] and MMED [10]. FrmPeak and FrmAll
are frame-based SVMs, where the detection result is obtained by classifying each
frame contained in the video. The difference between FrmPeak and FrmAll is
the samples used for training. FrmPeak utilizes only the peak frames for training
while in FrmAll, all the frames are employed. MMED and the proposed SemiED
are segment-based methods.

Experiment Setting. In this paper, we tune the parameter y contained
in the proposed SemiED model and the parameter in SVM on set {10¢|i =
—5,—4,...,3,4,5}, and the best performance is reported. Note that the SVMs
utilized for FrmPeak and FrmAll are linear. During the experiments, the over-
lap of the extracted pairwise constraints is set to be lower than 0.7. This is
to guarantee the discrimination for the training set. We conduct all the com-
pared experiments on the computer with the following configurations: Intel(R)
Xeon(R) Core-20, CPU E5-2650 v3-2.3 GHz, Memory 48 GB, LINUX operating
system with Matlab 2015a.

3.3 Evaluation Criteria

This section presents the introduction of the evaluation criteria employed during
our experiments: F-score [9], AUC [27], AMOC [8] and the training time curve.
F-score is a measurement for detection accuracy, which is usually adopted for
binary classification in statistical analysis. The two main variables in F-score
are the precision p and the recall r on the testing set, which is computed as
follows: p = lym*" r= ‘y‘zfrl, where y* is the segment contains the event and y
is the output event that detected. AUC is short for the area under the Receiver
Operating Characteristic (ROC) curve, which is also used for the evaluation
of accuracy. In AUC, TPR denotes that the model fires during the event of
interest, and FPR is that the model fires before the beginning or after the ending.
AMOC represents the Activity Monitoring Operating Curve, which is used to
evaluate the timeliness of detection. In AMOC, Normalized Time to Detection
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(NTtoD) is computed, and the value is the lower the better. NTtoD is denoted

as NTtoD= é:‘:ﬁ, where ¢, s, and e denote the current-, the starting- and the

ending-frame, respectively.

3.4 Results on Weizmann Dataset

The compared performance with different methods can be seen in Figs. 2, 3 and
Table 2. F-score is adopted on this dataset instead of AUC and AMOC since
there is no negative training sequences contained and the return type of FPR
is void. Similarly, only the results of segment-based methods are reported since
SVM could not be used for FrmAll and FrmPeak due to the lack of negative sam-
ples. From the results, we can see that: (1) The F-score of SemiED is obviously
better than that of MMED on the whole event fraction. This demonstrates the
effectiveness of SemiED and is consistent with the analysis that the utilization of
domain knowledge could help model learning for better detection function. (2)
The training time cost of SemiED is comparable to that of MMED. This demon-
strates that the additional computation of regularizer has no increasing for the
complexity. This is also consistent with the analysis of computational complex-
ity in Sect. 2.3. Note that the training cost of SemiED does not strictly increase
with the training size. This is because the number of iterations needed for each
quadratic optimization is not fixed, and it is varied from the number of train-
ing sequences. (3) The comparison of timeliness is shown in Fig.3. The results
further demonstrate the effectiveness of the proposed SemiED. The NTtoD of
SemiED is obviously lower than that of MMED, which is used to denote the
normalized detection time.

0.9 —rrr——
—¥—MMED
r | —P—SemiED
0.8} L ]
>
Q
[e]
%07
[T
0.6
—¥—MMED 500 F
—b—SemiED
1
0.5 —_— 0
0.2 0.4 0.6 0.8 1 50 250 450 550 700 800
Event Fraction Training Size
(2) (b)

Fig. 2. Experimental results on Weizmann dataset. (a) F-score comparison for the
performance of accuracy. The score of F-score is the higher the better. (b) Comparison
of training time cost for the performance of efficiency. The value of time cost is the
lower the better.
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Table 2. Comparisons of F-score (mean and deviation) value and the training time cost
(s) of segment-based methods on Weizmann dataset. The F-score results are provided
with the best event fraction seen. The training time cost is reported by setting the
number of training sequences as 450.

MMED SemiED
F-score Time | F-score Time
Weizmann | 0.83540.020 | 1415 | 0.857 £0.121 | 1505

3.5 Results on UvA-NEMO Dataset

AUC, AMOC and training cost are utilized for comparison on UvA-NEMO
dataset. From the results in Figs. 3, 4, and Table 3, some conclusions could be
obtained: (1) Segment-based methods obviously outperform baselines in terms
of both accuracy and timeliness. The time cost of FrmAll is obviously much
greater than other methods. Although the cost of FrmPeak is much lower than
the segment-based methods, the accuracy and timeliness of FrmPeak could not
be accepted. (2) Compared with MMED, SemiED achieves much better per-
formance of the timeliness, especially when the value of FPR is less than 0.3.
Note that we usually give attention to the low FPR since the value is mean-
ingless when greater. (3) The time cost of SemiED is approximately the same
as that of MMED, in which both MMED and SemiED are much lower com-
pared with FrmAll. This demonstrates that the utilization of domain knowledge
brings no additional complexity. (4) Figure3 illustrates the NTtoD comparison
of MMED and the proposed SemiED on UvA-NEMO dataset. The lower value
NTtoD is, the better timeliness the detection is. The results demonstrate that the

Onset MMED SemiED Peak

Fig. 3. NTtoD of some examples from UvA-NEMO dataset. The four frames in each
row from left to right are: the onset, the ones MMED and SemiED make a detection
and the peak one. The number on each frame denotes the value of NTtoD. For a testing
sequence, the length from the onset to the peak frame is normalized as “1”. Therefore,
the value of NTtoD is the lower the better.
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Table 3. Comparisons of AUC (mean and standard deviation) value and the training
time cost (s) of the different methods on UvA-NEMO dataset. The training time cost
is reported by setting the number of training sequences as 200.

FrmPeak FrmAll MMED SemiED
AUC Time| AUC Time AUC Time AUC Time
UvA-NEMO 0.62 +0.020.09 |0.6540.01|4705 |0.78 £0.01|713 |0.81 £0.01 759

—+— FrmPeak

I f I . 4800 | *
0. —+= FrmPeak |
N =¥ FrmAll | ! =¥ FrmAll
0.75¢ \\,\ —o—MMED 4000 h —w—MMED
: *xoN —b—SemiED —b—SemiED
\"*\ ]

50 200 400 600 800
FPR Training Size

(a) (b)

SemiED
801 MMED

FrmAll
FrmPeak

©

Fig. 4. Experimental results on UvA-NEMO dataset. (a) AUC comparison for the
performance of accuracy. The value of AUC is the higher the better. (b) AMOC com-
parison for the performance of timeliness. The value of AMOC is the lower the better.
(c) Comparison of training time cost for the comparison of efficiency. The value of time
cost is the lower the better.

exploitation of domain knowledge makes the detector achieve better performance
of not only the accuracy but also the timeliness, which is especially important
for ED.
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4 Conclusions

Early event detection is a relatively new and challenging problem, which receives
few attentions in the past years. Motivated by the semi-supervised learning and
the success of representative MMED, we propose an efficient semi-supervised
early event detection algorithm called SemiED in this paper. SemiED exploits
both the must-link and cannot-link constraints for the early detection func-
tion. The domain knowledge is thus well utilized to obtain better detection
performance. We also provide the theoretical analysis to demonstrate that the
domain knowledge utilized has no additional computation of the complexity com-
pared with MMED. Extensive experiments and comparisons on two video-based
datasets illustrate that the proposed SemiED enjoys much better performance
in terms of both accuracy and timeliness than that of MMED while the training
time cost is comparable with each other.
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