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Abstract In this paper, we tackle the problem of segment-
ing out a sequence of actions from videos. The videos con-
tain background and actions which are usually composed of
ordered sub-actions. We refer the sub-actions and the back-
ground as semantic units. Considering the possible over-
lap between two adjacent semantic units, we propose a bi-
directional sliding window method to generate the label dis-
tributions for various segments in the video. The label distri-
bution covers a certain number of semantic unit labels, repre-
senting the degree to which each label describes the video
segment. The mapping from a video segment to its label
distribution is then learned by a Label Distribution Learn-
ing (LDL) algorithm. Based on the LDL model, a soft video
parsing method with segmental regular grammars is proposed
to construct a tree structure for the video. Each leaf of the tree
stands for a video clip of background or sub-action. The pro-
posed method shows promising results on the THUMOS’14,
MSR-II and UCF101 datasets and its computational com-
plexity is much less than the compared state-of-the-art video
parsing method.

Keywords video parsing, label distribution learning, sub-
actions, graduality

1 Introduction

Temporal action detection or localization of real-world
videos has been an active research topic due to its extensive
applications in video surveillance, human computer inter-
action, video retrieval, etc. Even under the circumstance
that the action category of a video is known, it is still quite
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difficult to extract the actions since they could differ greatly
in position and duration. In real-world videos, the actions
are often composed of several continuous sub-actions [1].
Analogous to the grammar structure of a sentence, the
action, sub-action and background (non-action segment)
could all be regarded as grammar components of a video. In
such case, it is reasonable to adopt the grammar structure
to segment a video into background and sub-actions. This
process is called video parsing [1], which is different from
temporal action localization and focuses on analyzing the
inner temporal structure of the actions. For convenience’s
sake, both background and sub-actions are uniformly called
semantic units in the rest of this paper.

A plenty of methods have been proposed to deal with tem-
poral action localization [2–6] while only a few algorithms
have been raised for video parsing. Standard segmental regu-
lar grammars [1] (SSRG) is the earliest video parsing method.
It proposes the segmental regular grammars to parse the video
into semantic units recursively and a tree structure with each
leaf as a semantic unit is constructed. Only a single label is
adopted to represent the video clip on the tree. However, it
is worth noting that the semantic units in an action are often
ordered and interlaced with each other. For example, Fig. 1
shows 10 key frames in a video about ‘basketball dunking’.
There are generally two sub-actions in the ‘basketball dunk-
ing’ action, i.e., takeoff and dunking. The graduality among
the three semantic units (background, takeoff and dunking)
often makes it hard to locate the exact boundaries among
them. See, for example, in Fig. 1, the key frames (b) and (c)
between background and takeoff, (e) and (f) between takeoff
and dunking, or (h) and (i) between dunking and background.

Different from previous work assuming hard boundaries
among the semantic units, this paper proposes a video pars-
ing method which assumes flexible soft boundaries among
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Fig. 1: Example of the ambiguity among the semantic units of the ‘basketball dunking’ action. The first row shows 10 key
frames of the video. The second row shows the label distribution corresponding to each key frame, where blue, yellow and
red represent background, takeoff sub-action and dunking sub-action, respectively. In the third row the same set of colors are
used to represent the three semantic unit labels and the areas with mixture color represent the ambiguity between two adjacent
semantic units.

the semantic units. In order to do this, we adopt a recent-
ly proposed machine learning paradigm called Label Distri-
bution Learning (LDL) [7]. The label distribution covers a
certain number of labels, representing the degree to which
each label describes the instance. The description degrees of
all the labels sum up to 1. LDL has been successfully ap-
plied to many real fields, such as prediction of crowd opin-
ion on movies [8], multi-label ranking for natural scene im-
ages [9], head pose estimation [10], age estimation [11, 12],
emotion analysis from texts [13] and facial expression recog-
nition [14]. Different tree structures have already been adopt-
ed in LDL. Logistic Boosting Regression with weighted re-
gression tree and vector tree [15] is adopted in LDL to replace
the traditional maximum entropy model assumption. Label
distribution learning forests [16] is proposed to model any
general form of label distribution by mixture of the leaf node
predictions.

In this paper, a video is parsed into a tree structure by
grammar model inference. A label distribution is assigned
to each leaf on the tree, which represents a video segmen-
t. Different description degrees in the label distribution cor-
respond to different semantic units. Higher description de-
gree indicates that the corresponding semantic unit label is
more relevant to the segment. Some examples of the label
distribution can be found in the second row of Fig. 1, where
each label distribution corresponds to one key frame (stand-
ing for a segment) of the video. By label distribution, the
proposed video parsing method allows a single segment to be
associated with multiple semantic units with different impor-
tance, which can explicitly represent the ambiguity among
the semantic units. This is an extension of our preliminary
work [17]. The local adjustment of adjacent video segments
by feature similarity is adopted to improve the performance,
an additional dataset is used to compare the algorithms and

more experiments on different values of the parameters are
given. The main contributions of this paper include:

• LDL is adopted to model the ambiguity among the se-
mantic units, which is ignored by most previous work.
The label distributions for the video segments are gener-
ated by a bi-directional sliding window process and are
adjusted according to feature similarity of the adjacent
video segments.

• The time-consuming grammar inference process is
avoided in the training process. Instead, an efficient
optimization algorithm is adopted to build the mapping
from a segment to its label distribution.

• Based on the prediction of the label distribution model,
a tree structure with explicit semantic meaning is con-
structed for the test videos.

The rest of this paper is organized as follows. Section 2
reviews some related works. After that, a soft video parsing
method based on LDL is proposed in Section 3. Then, the
experimental results on three challenging datasets are report-
ed in Section 4. Finally, conclusions and the future work are
given in Section 5.

2 Related work

2.1 Action localization based on sliding window

Some previous work [3, 5] regards temporal action localiza-
tion as a sliding window problem. The candidate video clip-
s are generated by sliding different length of windows with
the same stride and the 1-VS-rest SVM is adopted to classi-
fy them into a certain action or background. The confidence
score of the video clip is calculated as the SVM classifica-
tion score multiplied by the duration of the window [3, 5].
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Finally the non-maximum depression (NMS) [18] is adopt-
ed to select the video clips in descending order of the confi-
dence scores and ensures that none of the retained video clips
are overlapping. However, most methods of this kind ignore
the graduality of the actions and restrict the detected action
length within only a few choices of the window lengths.

2.2 Action localization based on inference

The inference-based methods often construct the state tran-
sition model between action and background or between ac-
tions. For example, Hoai et al. [19] adopt a multi-class SVM
that maximizes the separating margin between classes to gen-
erate a discriminative model in training. The dynamic pro-
gramming algorithm combined with NMS is proposed to in-
fer the transition points between actions for the test videos.
However, the action datasets in his work are all synthetic
datasets, which is quite different from the real-world videos.
A semi-Markov model (SMM) [20, 21] with features on the
video segment, the boundary frames and the interaction be-
tween neighboring segments is proposed to model the state
transition between actions. The cutting plane and the bun-
dle method are both proposed for training and the Viterbi-
like dynamic programming algorithm is adopted to solve the
inference problem. However, the above methods cannot pro-
duce hierarchical structures, i.e., no sub-actions are consid-
ered. Moreover, a variable-duration hidden Markov model
(HMM) [22] is proposed to construct a state transition model
among the sub-actions and the maximum posteriori inference
is adopted to find the latent sub-action state and its duration.
An alternative optimizing algorithm, iterating between infer-
ring the latent variable and optimizing the weight vector by a
Latent SVM framework, is adopted to obtain the best parsing
of test videos. However, it is not clear how to use it to detect
multiple actions in one video [1].

2.3 Action localization based on activity proposals

For videos with long duration, the sliding window methods
would produce a large number of candidate video clips and
classifying them could be laborious. Therefore activity pro-
posals based methods are proposed to give better temporal
activity candidates for the videos. Here, an activity propos-
al means a temporal segment that contain visual information
indicative of the concerned activity classes. Fast temporal
activity proposals [2] proposes to encode the discriminative
information for a set of classes by a universal dictionary. The
dictionary is learned by sparsely reconstructing features of
the training videos. In the test phase, the candidate proposals

generated by uniform sampling are ranked by the average re-
construction error of the learned dictionary. χ2 kernel SVM
and NMS are adopted for action localization. Temporal re-
gion proposals [23] tries to generate more accurate candidates
by a bottom-up proposal scheme: (1) train a classifier to score
short video units and (2) group the consecutive units satis-
fying the threshold restrictions into region proposals. After
that, the temporal segmental networks (TSN) [24] is adopted
to classify the proposals into specific actions. A complete-
ness filtering step is proposed to preclude the incomplete and
over-complete action instances by a class-specific SVM for
each class. Finally, the detection confidence for each pro-
posal, determined by the activity classification score and the
completeness evaluation score, is adopted in NMS to detect
the actions. Although the above methods based on activi-
ty proposals are more efficient in generating candidate video
clips, most of them do not take sub-actions into considera-
tion, and thus are inappropriate to deal with complex actions.

2.4 Action localization based on deep learning

Nowadays, it has been attracting increasing attention to de-
sign deep learning-based methods to handle temporal action
localization [4,25,26]. A multi-stage Segment-Convolutional
Neural Networks (S-CNN) [4] uses three different CNNs
to generate candidate segments, recognize actions and lo-
cate temporal boundaries. Temporal unit regression network
(TURN) [25] decomposes the untrimmed video into short
video units with equal length, and three different kinds of
CNN features [25] are calculated for each unit. The temporal
unit regression model jointly classifies the sliding video clips
composed by the units and predicts the temporal coordinate
offsets of the start and end positions of the actions in the clip-
s. Shou et al. [26] use the Convolutional-De-Convolutional
(CDC) networks to generate the per-frame action classes s-
cores. The category of each proposal given by the S-CNN
network [4] is set to the class which has the maximum av-
erage score over all frames in the segment. Moreover, Yuan
et al. [6] use the class SVM scores as the descriptor of the
sliding window segments. The temporal action detectors are
trained by the Elman-net [27] and Long Short Term Mem-
ory (LSTM) [28] networks. The deep learning-based meth-
ods perform well by its strong power in feature extraction,
while we focus on modeling the graduality and ambiguity a-
mong the semantic units. Therefore, in the feature extraction
step we simply adopt the traditional bag-of-words (BoW) fea-
tures. Although better performance might be obtained by re-
placing the BoW features with end-to-end deep features, it is
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out of the scope of this paper.

2.5 Video parsing

Recently, video parsing [1] is proposed to parse a video into
background and sub-actions by analyzing the grammar struc-
ture of the video. Segmental regular grammars (SRG) [1] are
proposed to construct a tree structure to present a video. Each
leaf on the tree represents a sub-action or background. The
production rules of regular grammars [29] are adapted to gen-
erate arbitrary length sequences of terminals, which stands
for frames in a video. An alternative optimization algorith-
m is adopted to obtain the global parsing of the test videos,
where a latent structured SVM is proposed to infer the la-
tent sub-action labels. However, it ignores the ambiguity a-
mong the semantic units and uses a single label to describe
the video segment. Moreover, the procedure of finding the
worst-offending parsing in the training process of the struc-
tured SVM is quite time-consuming. On the contrary, our
proposed method adopts label distributions to describe the
video segments and uses a fast optimization method to accel-
erate the training process.

3 Soft video parsing by LDL

3.1 LDL with bi-directional sliding window

As mentioned before, in real-world videos, the boundary be-
tween two adjacent semantic units is often ambiguous. Con-
sequently, a single semantic label might be insufficient to de-
scribe a particular video segment. Instead, we propose to use
a label distribution [7] to do that. The label distribution indi-
cates the relative importance of the corresponding semantic
units in each video segment. As we slide a window through
the whole video, the label distribution of the acquired video
segment varies at the same time. In this way, the graduality
among the semantic units can be directly modeled. However,
since the ground truth of most datasets usually just provides
the positions of the start and end frames of each action, the
transition points among the sub-actions are unknown as well
as the label distributions for the video segments in the sliding
windows. In order to deal with these problems, we propose
in this section an iterative method to build an LDL model via
a bi-directional sliding window process.

Firstly, the transition points among the sub-actions are ini-
tialized by dividing each action into equal-sized sub-actions.
As illustrated in Fig. 2, two sub-actions a1 and a2 of the action
A are equal-sized and b stands for the background. Consid-

(a)

(b)

Fig. 2: Examples for (a) forward sliding windows, (b) back-
ward sliding windows and their corresponding label distribu-
tions.

ering the general case, we suppose two adjacent segments x
and x′ are labeled by the semantic units yi and y′i , respective-
ly. For the forward sliding case (along the direction the video
displays), x′ is to the right of x. For the backward sliding
case, x′ is to the left of x. The sliding window is initialized
as x0 = x and keeps the length unchanged while sliding. The
window is moved p − 1 times (p is a constant) equidistant-
ly toward the end of x′ before reaching the union boundary
of x and x′ (the p-th shift may reach the union boundary).
Each time, the window is moved λ×min(l(x), l(x′))/p frames,
where l(x) is the length of x and λ ∈ [0, 1] is a parameter
that controls the ambiguity level, which is set to 1.0 with-
out specific statement. Therefore the t-th window will move
t×λ×min(l(x), l(x′))/p frames into x′. The label distribution
for the t-th window xt (t = 0, 1, . . . , p − 1) is generated by

dy′i
xt =

t × λ ×min(l(x), l(x′))
p × l(x)

, (1)

dyi
xt = 1 − dy′i

xt , (2)

dy
xt = 0, y < {yi, y′i }. (3)

Here, dy′i
xt actually calculates the ratio of the number of over-

lapping frames between xt and x′ to the total number of
frames in xt.

Two simple examples are shown in Fig. 2. The first a1

segment slides forward in (a) and slides backward in (b),
where p is set as 10 and the first a1 segment is set twice the
length of the first b segment. Each time, a label distribution
[db

xt
da1

xt da2
xt ] is generated by Eq. (1)-(3) for the t-th window
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(t = 0, 1, . . . , 9). In this way, 10 segments with corresponding
label distributions are generated for forward sliding and back-
ward sliding, respectively. Through the bi-directional sliding
process, each semantic unit segment will generate 2p − 1 d-
ifferent segments with their corresponding label distributions
(one is overlapping).

3.2 Local adjustment by feature similarity

The label distributions generated by the bi-directional sliding
window method ignore the similarity between features of the
adjacent video segments and rely only on the ground truth
annotations of the start and end frames of the actions. Since
the more similar features of the instances are, the closer the
output labels should be [30], we adjust the label distributions
of the obtained video segments by feature similarity of the
adjacent video segments.

For each video, all the video segments obtained by forward
sliding are ordered according to the timeline of the video. As-
sume we have q ordered video segments x1, x2, . . . , xq and
their corresponding label distributions d1, d2, . . . , dq. The
feature function is denoted by ϕ(·). Considering the video
features in our experiments are represented as histograms, it
is natural to use the χ2 distance to measure the similarity [31]
between all the adjacent video segments:

C j = χ
2(ϕ(x j),ϕ(x j+1)), j = 1, 2, . . . , q − 1. (4)

For each video segment x j ( j = 2, 3, . . . , q − 1), we find out
whose features of the two adjacent video segments are more
similar. Then x j’s label distribution d j ( j = 2, 3, . . . , q − 1) is
adjusted toward the more similar adjacent video segment with
a ratio (which is no larger than 1) of their label distribution
difference as follows:

d̂ j =


d j + (d j−1 − d j) · h · η, i f C j−1 < C j

d j + (d j+1 − d j) · h · η, i f C j−1 > C j

d j, i f C j−1 = C j,

(5)

where h (0 6 h 6 1) and η jointly control the extent of adjust-
ment:

η =


1 − C j−1

C j
, i f C j−1 < C j

1 − C j

C j−1
, i f C j−1 > C j

1, i f C j−1 = C j.

(6)

Here, η is determined by 1 minus the ratio of the adjacent χ2

distances: C j−1 and C j (the smaller one is the numerator of
the ratio to ensure it to be no larger than 1). The smaller the
ratio is, the more we adjust the label distribution.

The parameter h is determined as follows. The label dis-
tributions with c labels can be treated as points on the same

plane in a c-dimensional space as
c∑

h=1
d jh = 1,∀ j. If C j−1 > C j

and C j < C j+1, the two adjacent label distributions d j and
d j+1 are adjusted toward each other to generate d̂ j and d̂ j+1,
respectively. The appropriate h should prevent that the t-
wo label distributions from crossing over each other after
the adjustment, which would cause abnormal fluctuation in
the gradual change of the label distribution along the video.
Therefore, the vectors d̂ j+1− d̂ j and d j+1− d j should be in the
same direction:

(d̂ j+1 − d̂ j) · (d j+1 − d j) > 0,

j ∈ { j = 2, 3, . . . , q − 2|C j−1 > C j,C j < C j+1}.
(7)

Substitute Eq. (5) into Eq. (7), we will get

h 6 min
j

1
2 −C j( 1

C j+1
+ 1

C j−1
)
, h′,

j ∈ { j = 2, 3, . . . , q − 2|C j−1 > C j,C j < C j+1}.
(8)

Therefore, the optimal h∗ should satisfy the following criteri-
a:

h∗ = argmin
06h6h′

q−1∑
j=1

exp(−
C j

σ2 ) ·
∥∥∥d̂ j+1 − d̂ j

∥∥∥
2 , (9)

where σ is chosen as the mean value of all the calculated
χ2 distances in the video. The exp(−C j/σ

2) in Eq. (9) can
be seen as a weight that controls the extent to which the label
distributions of the adjacent video segments are adjusted. The
more similar features of the adjacent video segments are, the
more their label distributions are adjusted. Equation (9) can
be solved by converting it to the equations of the Karush-
Kuhn-Tucker (KKT) conditions [32]. Then the optimal h∗

is adopted in Eq. (5) to adjust the label distributions of all
the video segments acquired by forward sliding. The video
segments obtained by backward sliding are ordered according
to the inverse timeline of the video and their corresponding
label distributions can be adjusted in the same way.

3.3 Training by label distribution learning

After the local adjustment by feature similarity, all the
video clips are then used as the training set to learn a
mapping from a video segment to its label distribution by
LDL [7]. Let X denote the input video segments, Y =
{y1, y2, · · · , yc} denote the c class labels. Given a training
set S = {(x1, d1), (x2, d2), · · · , (xn, dn)}, where xi ∈ X, di =

[dy1
xi , d

y2
xi , · · · , d

yc
xi ], the goal of LDL is to find the parameter
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vector θ in a conditional mass function p(y|xi; θ) that can gen-
erate a label distribution similar to di. Kullback-Leibler (KL)
divergence is used as the distance measure between the label
distribution generated from ground truth annotations and the
predicted distribution:

DKL(Q||P) =
∑

i

Qi ln
Qi

Pi
. (10)

Then the best parameter vector θ∗ is determined by

θ∗ = argmin
θ

∑
i

∑
j

dy j
xi ln

dy j
xi

p(y j|xi; θ)


= argmax

θ

∑
i

∑
j

dy j
xi ln p(y j|xi; θ). (11)

One reasonable choice of p(y|x; θ) is the maximum entropy
model [33], which has the exponential form

p(y|x; θ) =
1
Z

exp

∑
k

θy,kϕk(x)

 , (12)

where Z =
∑

y exp
(∑

k θy,kϕk(x)
)

is the normalization factor,
θy,k is an element in θ, and ϕk(x) is the k-th feature of x.
Substituting Eq. (12) into Eq. (11) yields the target function
of θ

T (θ) =
∑
i, j

dy j
xi

∑
k

θy j,kϕk(xi) (13)

−
∑

i

ln
∑

j

exp

∑
k

θy j,kϕk(xi)

 .
The optimization of Eq. (13) can be efficiently solved by the
limited-memory quasi-Newton method (L-BFGS) [34].

After the initial LDL model is trained, it is reversely used
to update the initial transition points among the sub-actions.
Suppose τ represents the vector composed by the position
of the transition points within an action, xi

τ represents the
segment corresponding to the i-th sub-action determined by
τ, d(xi

τ; θ
∗) represents the label distribution predicted by the

LDL model for xi
τ, then the optimum sub-action transition

points for this action is determined by

τ∗ = argmin
τ

∑
i

DKL(Ti||d(xi
τ; θ
∗))

 , (14)

where DKL represents the KL divergence and Ti is the tem-
plate label distribution for the i-th sub-action, where the de-
scription degree of the i-th sub-action is 1 and those for all
the other semantic units are 0. The best sub-action transition
points τ∗ for all the actions in the training videos are calcu-
lated by Eq. (14) in an exhaustive searching method. After

that, the bi-directional sliding window process and the local
adjustment is again applied to the updated segments to gener-
ate a new training set with label distributions, based on which
a new LDL model is trained. This process repeats until the
average difference of the transition points between two adja-
cent iterations is smaller than a predefined threshold. When
the training process is finally converged, we obtain an LDL
model that can be later used to predict the label distribution
for any given video segment. The whole iterative training
process is summarized in the Training part of Algorithm 1.

Algorithm 1 Soft Video Parsing
Training:
Inputs:
Φ: the training set {(vi,γi) | 1 6 i 6 n}, where vi is the
i-th training video, and γi is its ground truth annotations
of the actions;
ε: the convergence threshold.

Outputs:
θ∗: the parameter vector of the LDL model.

1: Initialize all the sub-action transition points by equally
divide the actions of each video in Φ and δ as +∞;

2: repeat
3: Apply the bi-directional sliding window process and

the local adjustment by feature similarity to each video
in Φ to generate an LDL training set;

4: Calculate θ∗ by L-BFGS;
5: Update the sub-action transition points by Eq. (14);
6: δ = the average difference of the current transition

points from those of the last transition points;
7: until δ < ε
8: return θ∗;

Testing:
Inputs:

v: the test video;
θ∗: the parameter vector of the LDL model;
ρl, ρu: the minimum and maximum semantic unit length.

Outputs:
Γ: the predicted parsing for v.

1: π[X, j] = −∞, ∀ j ∈ {ρl, ρl + 1, . . . , l(v)};
2: j = ρl;
3: while j 6 l(v) do
4: for k = ρl : min(ρu, j) do
5: ĵ = j − k + 1;
6: for r ∈ {X → Yw} do
7: Calculate s(v, r, ĵ, j) by Eq. (20);
8: end for
9: end for

10: Calculate π[X, j] by Eq. (21);
11: end while
12: return the optimal parsing tree Γ;
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3.4 Testing by grammar model inference

As mentioned before, the semantic units could all be regarded
as grammar components of a video. By using the production
rules of a grammar model, a test video can be parsed into d-
ifferent semantic units [1]. A context-free grammar is said to
be in Chomsky Normal Form (CNF) [29] if all of its produc-
tion rules are of the form:

X → YZ, X → w, (15)

where X, Y , and Z are nonterminal symbols, w is a terminal
symbol. Chomsky also proposes a special case of context-
free grammars known as regular grammars, which consist of
restricted rules with at most one non-terminal followed by a
terminal on the right side:

X → Yw, X → w. (16)

By adding dummy nonterminals, most CNF can be converted
to regular grammars. In our work, a terminal can be seen as
a frame in the video. However, the computation complexity
will become prohibitive if the video is parsed frame by frame
using traditional CYK parsing algorithm [35]. Therefore, the
segmental regular grammars (SRG) [1] where the production
rules may generate any length of terminals are proposed as

X → Yw1:z, X → w1:z, (17)

where z stands for the length of the terminal w.
For the sake of simplicity, we omit the subscript in this

paper and use a terminal to stand for a certain number of
frames. Thus a video can be parsed by recursively applying
the production rules of SRG. For example, for the ‘basketball
dunking’ action shown in Fig. 1, the production rules of the
context-free grammar may be as follows:

S → S Ab, S → b, A→ a1a2, (18)

where b stands for the background, a1 and a2 stand for the
takeoff and dunking sub-actions, respectively. By adding
dummy nonterminals, the production rules could be convert-
ed to SRG which contains at most one nonterminal on the
right side of the rule followed by a terminal:

S → b, S → Ab, A→ Ca2, C → S a1. (19)

Thus the start symbol S could be recursively inferred using
the above production rules and a binary tree structure would
be constructed for a video with each leaf as one of the seman-
tic units b, a1 or a2.

Each of the SRG rule r ∈ {X → Yw} has an associated
score s(v, r, ĵ, j), which measures the degree the k-long (k =
j − ĵ + 1) segment of the test video v matches the semantic
unit w, where ĵ and j are the start and end frame of the k-long
segment, respectively. The score is calculated by

s(v, r, ĵ, j) = −DKL(Tr ||d(xµk ; θ
∗)), (20)

which is the negative KL divergence between the template
distribution Tr for the rule r and the predicted distribution.
Tr is defined similarly as in Eq. (14), where the descrip-
tion degree for w is 1 and those for all the other labels are 0.
Assume µk represents the range from ĵ to j, then xµk stands
for the corresponding video segment. The predicted distri-
bution of the video segment d(xµk ; θ

∗) is calculated by the
maximum entropy model and θ∗ is obtained from the Train-
ing part of Algorithm 1. Moreover, we can see from the SRG
rule r ∈ {X → Yw} that all the nonterminals start from the
first frame, so the score of the best parsing from frame 1 to
j, π[X, 1, j], can be simplified as π[X, j]. Assume that the se-
mantic unit w is at least ρl and at most ρu frames long, then
for each frame j, we may search k (the length of w) from ρl to
min(ρu, j) and each possible rule for transition at j− k to find
the best transition point and rule for frame 1 to j. Therefore
π[X, j] can be recursively calculated by

π[X, j] = max
k=ρl,...,min(ρu, j)

r∈{X→Yw}

m j−k · π[Y, j − k] + s(v, r, ĵ, j)
m j−k + 1

, (21)

where ĵ = j − k + 1 and m j−k is the number of semantic unit
segments in Y from frame 1 to j − k. Thus the fraction item
in Eq. (21) stands for the average score of all the m j−k + 1
segments from frame 1 to j. Assuming j to be the end frame
of a test video, we would obtain the whole parsing of the
video recursively. To improve efficiency, we calculate the
π[X, j] with j from 1 to the end frame of the video by the
dynamic programming process similar to the standard SRG
method (denoted by SSRG) [1], where Eq. (20) and Eq. (21)
are both different, and store the best transition point j − k for
each rule r. The detailed process is summarized in the Testing
part of Algorithm 1.

After that, the best parsing tree of the video could be in-
ferred as follows. Assuming j as the end frame of a test video,
we find the rule of the highest score π[X, j] from all possible
rules r ∈ {X → Yw} and use the rule’s corresponding transi-
tion point to replace the j. This process repeats until reaching
the start frame of the video. Each time in the process we ob-
tain a semantic unit segment of the video. Finally we get the
best parsing tree encoded as Γ = {(rt, jt) : t = 1, 2, . . . ,N},
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where N is the total number of the semantic units in the pars-
ing tree of the video, jt is the end frame of the t-th segment
and rt is the rule id whose right-hand-side instances the seg-
ment.

It should be noted that the dynamic programming infer-
ence is also involved in training of SSRG [1], while in our
method, the training is via the LDL with bi-directional slid-
ing window process. The complexity of the training process
of these two algorithms are compared as follows. Both our
method and SSRG are trained by iterating between learning
the model parameters and updating the latent transition points
among the sub-actions. The maximum iteration number is set
the same for both algorithms. The complexity of updating
the latent transition points is also same for both algorithms.
Thus, we only need to compare the Structured SVM used in
SSRG and the L-BFGS in our method. Assume there are n
training videos and each video has at most ns semantic units,
then at most n((2p−1)(ns−1)+1) segments can be generated
by the bi-directional sliding process. Thus, the complexity of
L-BFGS is O(nαpns), where α is the maximum number of
correction matrices stored for the calculation of the Hessian
matrix, which is usually smaller than 20. As for the Struc-
tured SVM, the computational complexity is O(n2nrρunv),
where nr is the number of possible rules, ρu is the maximum
length of a semantic unit, and nv is the maximum length of
a video. Since ns ≪ nv, and αp ≪ nnrρu (usually nr > 3
and ρu > 150), the training of our method is much faster than
that of SSRG. Both methods have been tested on a PC with
3.4GHz Intel Core i7 CPU. For example, on the 20 actions of
THUMOS’14 dataset, it takes our method 17 hours to com-
plete training in average. In contrast, it takes SSRG more
than 7 days for training in average, which is about ten times
as much as our method.

4 Experiments

4.1 Methodology

4.1.1 Datasets

We conduct our experiments on three benchmark datasets:
THUMOS 2014 Detection Challenge dataset [36], MSR-II
action dataset [37] and UCF101 action detection dataset [38].
For the THUMOS’14 dataset [36], we discard the videos
without background (only contain actions) and use the union
of the validation set and the test set as our dataset since we
aim to separate the actions and the background. The dataset
contains 20 realistic sport actions and the total video length

is more than 12 hours. Only the start and end frame labels of
each action in the videos are annotated in the ground truth.
The duration of action varies considerably from 0.2 second-
s to 98.2 seconds. The number of actions in one video is
within the range from 1 to 218. The MSR-II action dataset
[37] contains 54 untrimmed video sequences recorded in a
crowded environment, with an average length of 51 second-
s. The videos include three categories of actions: hand wav-
ing, hand clapping and boxing. The UCF101 action detection
dataset [38] is composed of web videos which are recorded
in unconstrained environments and typically include camera
motion, various lighting conditions, low quality frames, etc.
For action detection task, there are 3,207 video clips with
24 categories of human actions which have temporal anno-
tations. We choose 17 out of 24 classes to be our training
set as shown in Table 3 because other classes contain too few
untrimmed videos. For each kind of action, the videos are
grouped into 25 groups, where each group consists of 4 to 7
videos of an action and shares some common features, such
as similar background, similar viewpoint, etc. The 25 groups
are equally divided into 5 larger groups for 5-fold cross vali-
dation.

4.1.2 Feature reprensentation

A BoW representation of the space-time interest points
(STIP) features [39] is calculated for each video segmen-
t for its efficiency and effectiveness. The method of addi-
tive kernels [40] is applied to approximate a X2 kernel for
the BoW features to maintain efficiency while increasing the
discriminative power. The priori knowledge of the length of
each semantic unit is appended to the BoW features. For
the i-th video segment xi in the video, we define a vector
ψ(xi) =

[1,l(xi),l(xi)2]
Ẑ

, where Ẑ is a normalization constant set
as the square of mean length of the training videos. As men-
tioned, the BoW features are denoted by ϕ(·). Thus the final
features for xi are [ϕ(xi),ψ(xi)].

4.1.3 Baselines and evaluation

We compare our two soft parsing methods, i.e., SP (soft
parsing without local adjustment) and ASP (soft parsing
with local adjustment) against the state-of-the-art video pars-
ing method SSRG (Standard SRG) [1] and two methods
which are specialized for temporal action localization, i.e.,
re-scoring non-maximum suppression (RNMS) [5] and tem-
poral activity proposals (TAP) [2]. The code of ASP and a
video example of the video parsing result can be downloaded
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Table 1: Mean Average Precision (mAP) (%) for the 20 kinds of sports in the THUMOS’14 dataset.

Actions
Method

RNMS TAP SSRG SP ASP
base-pitch 2.0 5.8 6.6 10.7(435%,84%,62%) 12.6(530%,117%,91%,18%)•
bask-dunk 1.1 2.6 12.9 17.2(1464%,562%,33%)•N 21.8(1882%,738%,69%,27%)•N
billiards 2.4 4.9 3.7 3.1 (29%,-37%,-16%) 3.9 (63%,-20%,5%,26%)
clean-jerk 13.4 6.0 8.7 20.1 (50%,235%,131%)NH 21.5(60%,258%,146%,7%) N
clif-dive 3.6 2.6 14.6 37.5(942%,1342%,157%)•NH 34.1(847%,1212%,134%,-9%)•NH
cric-bowl 1.0 1.3 3.2 6.0 (500%,362%,87%)•N 12.3(1130%,846%,284%,105%)•NH
cric-shot 0.3 0.6 2.8 4.2(1300%,600%,50%)•N 3.1 (933%,417%,11%,-26%)•
diving 3.4 2.6 8.9 22.5(562%,765%,153%)•NH 24.5(621%,842%,175%,9%)•NH
fris-catch 7.9 4.4 6.3 9.9 (25%,125%,57%)N 8.5 (8%,93%,35%,-14%)
golf-swing 11.5 5.9 10.6 12.2(6%,107%,15%) 14.9(30%,153%,41%,22%)
hamm-throw 9.2 12.7 17.4 41.1(347%,224%,136%)•NH 59(541%,365%,239%,44%)•NH�
high-jump 8.2 4.7 12.2 24.1(194%,413%,98%)•N 25.9(216%,451%,111%,7%)•N
jave-throw 8.3 10.2 21.1 22.4(170%,120%,6%)•N 30.6(269%,200%,45%,37%)•N
long-jump 35.3 9.0 18.1 26.7(-24%,197%,48%)N 37.5(6%,317%,107%,40%)NH
pole-vault 16.3 3.9 15.4 32.0(96%,721%,108%)•NH 42.1(158%,979%,173%,32%)•NH
shotput 12.9 9.5 13.9 15.7(22%,65%,13%) 21.5(67%,126%,55%,37%)N
socc-penal 5.7 5.6 16.5 17.8(212%,218%,8%) 12.3(116%,120%,-25%,-31%)•N
tenn-swing 2.0 3.9 6.2 6.9(245%,77%,11%)• 5.1 (155%,31%,-18%,-26%)•
disc-throw 5.9 2.1 11.5 25.5(332%,1114%,122%)•NH 20.5(247%,876%,77%,-20%)•N
voll-spik 5.1 5.3 6.0 9.8(92%,85%,63%) 14.0(175%,164%,133%,43%)•H
Average 7.8 5.2 10.8 18.3(135%,252%,69%) 21.3(173%,310%,97%,16%)

from internet1). In SSRG, a latent structured SVM method
is adopted to train the model and a dynamic programming
method is used to infer a tree structure with each leaf as a se-
mantic unit. RNMS multiplies the SVM classification score
by the duration of the window and applies NMS with zero
overlap to select the candidate sliding windows in descend-
ing order of their confidence scores. TAP learns a universal
dictionary by class-independent proposal learning and uses
RBF-χ2 kernel SVM to classify the candidate proposals into
action or background.

We conduct 5-fold cross validation on the three datasets.
For SSRG and our two methods, we use the training set of
the first fold to select the optimal number of sub-action via
3-fold cross validation. The optimal number is chosen from
1, 2 or 3 for each action category. After that, the optimal
sub-action number is used for the rest folds. For the param-
eters in SSRG and our methods, the minimum semantic unit
duration ρl is set as 10 frames to eliminate the small fluctua-
tion. For different numbers of sub-actions in each action, 1, 2
and 3, the maximum semantic unit duration ρu is set as 300,
200 and 150, respectively and for the background, ρu is set
as 300. The convergence threshold ε is set as +∞, 2 and 4
for 1, 2 and 3 subactions, respectively. For RNMS and TAP,
the parameter C of SVM is set by 3-fold cross validation on
the training set of the first fold. It is chosen from the range
C ∈ {3−2, 3−1, · · · , 37} [5]. Moreover, the length of candi-
date sliding window of RNMS is chosen from 10, 20, · · · ,
300 frames and the sliding step is set as 10 frames. Other
parameters are set the same as in SSRG and our methods.

The mean Average Precision (mAP) index [41] of the 5-

1) The reserved DOI is http://dx.doi.org/10.17632/zprwzdhxg9.2.

fold cross validation is adopted to evaluate the algorithms.
An action detection is considered a true positive if its ratio of
the intersection over the union with the ground truth is larger
than 0.4, as it is consistent with visual inspection [1]. The
confidence score is used to rank the video segments for the
mAP index. In our methods (SP and ASP), it is calculated as
follows. For each sub-action in the action, we calculate the
KL divergence between the template distribution and its pre-
dicted distribution obtained by the maximum entropy model.
Then the mean negative value of all the KL divergences is
regarded as the confidence score for the whole action.

4.2 Results

The comparative results of RNMS, TAP, SSRG and our meth-
ods (SP, ASP) on the THUMOS’14 dataset are tabulated in
Table 1. The percentages of SP’s improvement over RNM-
S, TAP and SSRG are shown respectively in the parenthe-
ses right after the performances of SP. Similarly, the percent-
ages of ASP’s improvement over RNMS, TAP, SSRG and SP
are shown in the parentheses right after the performances of
ASP. The pair-wise t-tests with the significance level 0.1 are
performed for each action. The •/N/H after the performance
of SP/ASP means that SP/ASP performs significantly better
than RNMS/TAP/SSRG, while the ◦/△/▽ means that SP/ASP
performs significantly worse than RNMS/TAP/SSRG. Ab-
sence of symbols means that the performances of SP/ASP and
RNMS/TAP/SSRG are not significantly different. Moreover,
the � after the performance of ASP means that ASP performs
significantly better than SP and the ♢ means that ASP per-
forms significantly worse than SP. Absence of symbol means
that the performances of ASP and SP are not significantly d-
ifferent.
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Fig. 3: A video containing ’hammer throw’ actions on the THUMOS’14 dataset. The bottom timeline shows ground-truth
action labels (in gray), while the top timeline shows inferred action and sub-action labels. The learned grammar infers two
subactions loosely corresponding to wind and turn. Some misalignment errors are due to small fluctuations of features.
Overall, our parser produces a reasonable estimated count of action instances.

Fig. 4: A video containing ’long jump’ actions on the THUMOS’14 dataset, where the bottom timeline shows ground-truth
action labels in gray. We latently infer 3 sub-actions loosely correspond to approach run, take off and landing.

Table 2: Mean Average Precision (mAP) (%) for the 3 kinds of actions in the MSR-II action dataset.

Method
Actions

RNMS TAP SSRG SP ASP
hand clapping 4.9 12.3 5.5 25.7(424%,109%,367%)•NH 37.7(669%,207%,585%,47%)•NH
hand waving 5.2 27.1 15.0 26.7(413%,-1%,78%)•H 37.5(621%,38%,150%,40%) •NH
boxing 2.8 20.9 6.5 19.3 (589%,-8%,197%)•H 22.5 (704%,8%,246%,17%) •NH
Average 4.3 20.1 9.0 23.9(456%,19%,166%) 32.6 (658%,62%,262%,36%)
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As can be seen in Table 1, SP performs significantly
better than RNMS/TAP/SSRG on 11/13/6 actions. The
improvement over RNMS/TAP/SSRG could be as high as
1464%/1342%/157% (on bask-dunk/clif-dive/clif-dive).
In average, the mAP of SP in 20 kinds of actions is
135%/252%/69% higher than that of RNMS/TAP/SSRG.
Moreover, ASP performs significantly better than RN-
MS/TAP/SSRG/SP on 14/13/7/1 actions. The improve-
ment over RNMS/TAP/SSRG/SP could be as high as
1882%/1212%/284%/105% (on bask-dunk/clif-dive/cric-
bowl/cric-bowl). In average, the mAP of ASP in 20 kinds
of actions is 173%/310%/97%/16% higher than that of
RNMS/TAP/SSRG/SP.

ASP, SP and SSRG perform better than RNMS on
20/19/15 out of 20 actions and better than TAP on 19/19/17
actions as they divide the action into sub-actions, which is
consistent with the fact that these sports generally involve
two or three steps. For example, the ‘basketball dunk-
ing’ action is generally composed of takeoff and dunking
sub-actions and the ‘long jump’ action often includes the
approach run, takeoff and landing sub-actions. Moreover,
considering the ambiguity among the semantic units, ASP/SP
performs better than SSRG on 18/19 out of 20 actions. For
example, in the ‘javelin throw’ videos, the three semantic
units (background, approach run and delivery) are interlaced
with each other and it is hard to differentiate the exact
boundaries among them. Due to the local adjustment by
feature similarity, ASP performs better than SP on 14 out
of 20 actions. For example, on the ‘cricket bowling’ action,
the performance is improved by 105%. Two examples of
the final infered sub-action labels are shown in Fig. 3 and
4. There are a few cases where ASP does not perform the
best. For example, ASP performs worse than TAP on the
‘billiards’ action. Since the ball rolling sub-action occupies
most time of the action, regarding ‘billiards’ as a whole by
ignoring the short pushing stroke sub-action may be more
advantageous.

For the MSR-II action dataset, as shown in Table 2, SP per-
forms significantly better than RNMS and SSRG on all three
actions and significantly better than TAP on the ‘hand clap-
ping’ action, while ASP performs significantly better than
all three baseline methods on all three actions. The aver-
age performance of ASP/SP is 658%/456%, 62%/19% and
262%/166% better than RNMS, TAP and SSRG, respective-
ly. The three actions in the dataset are all composed of repet-
itive movements, which can be regarded as sub-actions. Due
to consideration of the sub-actions, ASP, SP and SSRG per-
form better than RNMS. By using the label distribution to

model the graduality among the semantic units, ASP and SP
improve the performance of SSRG on all three actions. TAP
achieves good performance on this dataset for its strong pow-
er in encoding the repetitive movements. It performs better
than SP in the ‘hand waving’ and ‘boxing’ actions. However,
by adopting local adjustment, ASP further improves the per-
formance of SP by 36% in average and outperforms TAP on
all three actions.

For the UCF101 action detection dataset, as shown
in Table 3, SP performs significantly better than RNM-
S/TAP/SSRG on 1/6/0 actions, significantly worse than
them on 0/1/2 actions and the average performance is
improved by 7%/14%/6%. ASP performs significantly
better than RNMS/TAP/SSRG/SP on 2/7/1/0 actions,
significantly worse than them on 0/2/2/0 actions and the
average performance is improved by 8%/15%/6%/1%. The
improvement of ASP over RNMS/TAP/SSRG/SP could
be as high as 163%/668%/72%/34% (on voll-spik/bask-
dunk/basketball/basketball). Since videos in the UCF101
dataset contain much shorter background than the other two
datasets and most of the videos contain only one action, it’s
difficult to find significant difference between our methods
and the compared algorithms. Nonetheless, our methods SP
and ASP still outperform all of them in average.

4.3 Parameter analysis

We further experiment with different ambiguity level λ for
each action from 0 to 1 with the increment 1/8 to reveal d-
ifferent ambiguity of different actions on the three datasets.
Note that λ = 0 stands for the situation that we do not slide
the window backward or forward and only use the initial label
distribution of the window. Experimental results on the three
datasets show that different actions perform best on different
ambiguity levels. Four typical actions of the THUMOS’14
dataset are shown in Fig. 5. The ‘volleyball spiking’ action
performs best when λ = 1. The transition between spiking
and the falling sub-actions of the ‘volleyball spiking’ action
is quite smooth and the boundary between them is rather dif-
ficult to differentiate. The ‘cricket bowling’ action performs
best when λ = 0. As can be seen from the videos that most
of the ‘cricket bowling’ actions happen suddenly when the
player realizes the ball is coming. Thus the action has lit-
tle ambiguity with the background. The ‘billiards’ and the
‘javelin throw’ actions perform best when λ = 0.875 and
λ = 0.25, respectively. Their transitions among the semantic
units are relatively smooth but still differentiable. In Table 4,
we compare the performance of ASP with optimal ambiguity
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Table 3: Mean Average Precision (mAP) (%) for the 17 kinds of actions in the UCF101 action detection dataset.

Method
Actions

RNMS TAP SSRG SP ASP
basketball 9.5 11.2 13.9 17.9(88%,60%,29%) 23.9(152%,113%,72%,34%)•N
biking 71.6 75.0 75.5 71.3(0%,-5%,-6%) 60.9(-15%,-19%,-19%,-15%)△ ▽
diving 62.6 91.9 82.0 89.6(43%,-3%,9%) 87.3(39%,-5%,6%,-3%)
golf-swing 80.3 66.5 55.7 67.8(-16%,2%,22%) 74.2(-8%,12%,33%,9%)
hors-ride 95.5 83.6 95.4 95.0(-1%,14%,0%)N 94.2(-1%,13%,-1%,-1%)N
socc-jugg 92.4 80.5 89.0 87.3(-6%,8%,-2%) 87.8(-5%,9%,-1%,1%)
tenn-swing 10.5 17.6 29.2 15.1(42%,-14%,-48%)▽ 19.9(90%,13%,-32%,32%)
tram-jump 54.3 63.6 41.8 54.3(0%,-15%,30%) 55.2(2%,-13%,32%,2%)
voll-spik 5.1 20.6 31.7 11.5(125%,-44%,-64%)▽ 13.4(163%,-35%,-58%,17%)▽
walking 88.6 72.5 87.3 87.3(-1%,20%,0%)N 89.4(1%,23%,2%,2%)N
bask-dunk 30.8 9.7 50.6 73.0(137%,653%,44%)•N 74.5(142%,668%,47%,2%)•NH
clif-dive 83.3 70.0 82.6 84.6(2%,21%,2%) 83.9(1%,20%,2%,-1%)
cric-bowl 34.7 10.7 26.5 42.4(22%,296%,60%)N 44.0(27%,311%,66%,4%)N
long-jump 96.8 95.6 91.2 96.7(0%,1%,6%) 96.6(0%,1%,6%,0%)
pole-vault 90.5 98.9 84.2 89.2(-1%,-10%,6%)△ 89.7(-1%,-9%,7%,1%)△
skijet 94.7 90.9 92.0 95.2(1%,5%,3%)N 95.1(0%,5%,3%,0%)N
surfing 55.8 37.6 46.0 55.4(-1%,47%,20%)N 54.5(-2%,45%,18%,-2%)N
Average 62.2 58.6 63.2 66.7(7%,14%,6%) 67.3(8%,15%,6%,1%)

(a)

(b)

(c)

(d)

Fig. 5: The key frames of 4 typical actions in THUMOS 2014, volleyball spiking (a), billiards (b), javelin throw (c), and criket
bowling (d), with a descending order of optimal ambiguity level. The horizontal axis corresponds to different values of the
ambiguity level λ, and the vertical axis corresponds to the mAP measure.
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Fig. 6: The key frames of all 3 actions in MSR-II, hank clapping (a), hand waving (b) and boxing (c). The horizontal axis
corresponds to different values of the ambiguity level λ, and the vertical axis corresponds to the mAP measure.

level (OAL) against the original performance of ASP (where
λ = 1). As can be seen, by using the optimal ambiguity level,
the average mAP of ASP can be further improved by 17%.

Table 4: Optimal ambiguity level analysis of mean Aver-
age Precision (MAP) (%) for the 20 kinds of sports in the
THUMOS’14 dataset.

Actions
Method

ASP ASP w. OAL

base-pitch 12.6 21.6(71%)
bask-dunk 21.8 24.6(13%)
billiards 3.9 4.8 (23%)
clean-jerk 21.5 26.3(23%)
clif-dive 34.1 40.3(18%)
cric-bowl 12.3 15.5(26%)
cric-shot 3.1 6.3 (103%)
diving 24.5 27.5(12%)
fris-catch 8.5 13.3(56%)
golf-swing 14.9 14.9(0%)
hamm-throw 59.0 61.1(4%)
high-jump 25.9 27.4(6%)
jave-throw 30.6 33.2(9%)
long-jump 37.5 43.0(15%)
pole-vault 42.1 43.6(4%)
shotput 21.5 26.2(21%)
socc-penal 12.3 15.4(27%)
tenn-swing 5.1 6.7 (31%)
disc-throw 20.5 33.2(62%)
voll-spik 14.0 14.0(0%)

Average 21.3 24.9(17%)

For the MSR-II dataset, examples of all three actions are
shown in Fig. 6. Both the ‘hand clapping’ and the ‘boxing’
action perform best when λ = 1. The repetitive sub-actions
are quite coherent and it’s rather difficult to differentiate the
boundaries among them. The ‘hand waving’ action performs

Table 5: Optimal ambiguity level analysis of mean Average
Precision (MAP) (%) for the 3 kinds of sports in the MSR-II
action dataset.

Actions
Method

ASP ASP w. OAL

hand clapping 37.7 37.7(0%)
hand waving 37.5 55.2(47%)
boxing 22.5 22.5(0%)

Average 32.6 38.5(18%)

best when λ = 0.25. As can be seen from the videos, the sub-
actions of the ‘hand waving’ actions are less coherent and
are performed with short intervals. As shown in Table 5, by
using the optimal ambiguity level, the average mAP can be
improved by 18%.

For the UCF101 dataset, four typical actions are shown in
Fig. 7. The ‘basketball dunking’ action performs best when
λ = 1. The background, takeoff and dunking of the ‘bas-
ketball dunking’ action are always in a series of coheren-
t movements and it is hard to differentiate the boundaries.
The ‘surfing’ action performs best when λ = 0. As can be
seen from the videos, the surfers in the ‘surfing’ actions are
often shaded by the wave and disappear suddenly. Therefore
the ‘surfing’ action has little ambiguity with the background.
The ‘golf swing’ and the ‘diving’ actions perform best when
λ = 0.75 and λ = 0.5, respectively. Their transitions among
background, backswing and downswing for the ‘golf swing’
and among background, takeoff and falling for the ‘diving’
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Table 6: Optimal ambiguity level analysis of mean Aver-
age Precision (MAP) (%) for the 17 kinds of sports in the
UCF101 action detection dataset.

Actions
Method

ASP ASP w. OAL

basketball 23.9 25.0(5%)
biking 60.9 66.6(9%)
diving 87.3 89.3(2%)
golf-swing 74.2 77.6(5%)
hors-ride 94.2 95.9(2%)
socc-jugg 87.8 87.8(0%)
tenn-swing 19.9 23.7(19%)
tram-jump 55.2 55.2(0%)
voll-spik 13.4 18.6(39%)
walking 89.4 89.7(0%)
bask-dunk 74.5 74.5(0%)
clif-dive 83.9 84.6(1%)
cric-bowl 44.0 44.0(0%)
long-jump 96.6 96.8(0%)
pole-vault 89.7 89.8(0%)
skijet 95.1 95.3(0%)
surfing 54.5 59.2(9%)

Average 67.3 69.0(3%)

are relatively smooth but still differentiable. As shown in Ta-
ble 6, by using the optimal ambiguity level, the average mAP
of ASP can be further improved by 3%.

We also experiment with different values of constant p.
We find that the average AP grows rapidly with p from 1 to
10 and increases slowly after 10. This is not surprising since
the larger the p value is, the more video segments are adopted
for training. After we’ve got enough training video segments,
the increasement of p would not gain much improvement on
the average AP. Thus we just set p as 10 in our experiments.

5 Conclusion

In this paper, we propose a soft video parsing method based
on label distribution learning. The label distributions for dif-
ferent video segments are generated by a bi-directional slid-
ing window process and adjusted according to feature simi-
larity of the adjacent video segments. The efficient L-BFGS
algorithm is used to learn the mapping from a video seg-
ment to its label distribution. Then, a soft grammar parsing
method is proposed to parse the given test videos in linear-
time, which is practical for long stream videos. We experi-
ment on three benchmark video datasets with various actions
and duration and prove the effectiveness of our soft video
parsing method. We show that the ambiguity among the se-
mantic units can be well modeled by the label distribution
and different actions might have different optimal ambiguity
levels among the semantic units.

Although the proposed methods have achieved very
promising results, they might be further improved in the

following aspects in the future work.

• We rely on cross validation to obtain the number of sub-
actions for each action in our method and assume that
the same kind of action has the same number of sub-
actions in different videos. By adding extra grammar
rules (combining all the production rules of 1, 2, and
3 sub-actions for one action), we may achieve more
flexible division of the sub-actions and each action in
the video may choose its optimal number of sub-actions
adaptively.

• The actions in our datasets generally include less than
3 sub-actions. We may investigate how to parse the
long videos with more sub-actions, such as the ‘danc-
ing’ activity with a series of movements. For the long
videos, new grammar rules should be generated and the
inference process of the transition points among the sub-
actions would be more complicated.

• We adopt the traditional bag-of-words features in our
work. As mentioned before, better performance could
be expected by exploiting more sophisticated end-to-end
features, such as temporal segment networks [24], two
stream CNNs [42], C3D [43], etc.
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