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Abstract

Human action can be decomposed into a series of tempo-
rally correlated motions. Since the traditional bag-of-words
framework based on local features cannot model global
motion evolution of actions, models like Recurrent Neural
Network (RNN) [15] and VideoDarwin [5] are accordingly
explored to capture video-wise temporal information. In-
spired by VideoDarwin, in this paper, we present a novel
hierarchical scheme to learn better video representation,
called HiVideoDarwin. Specifically, we first use different
ranking machines to learn motion descriptors of local video
clips. Then, in order to model motion evolution, we encode
features obtained in previous layer again using a ranking
machine. Compared with VideoDarwin, HiVideoDarwin
captures the global and high-level video representation and
is robust to large appearance changes. Compared with RN-
N, HiVideoDarwin can also abstract semantic information
in a hierarchical way and is fast to compute and easy to in-
terpret. We evaluate the proposed method on two datasets,
namely MPII Cooking and Chalearn. Experimental results
show that HiVideoDarwin has distinct advantages over the
state-of-the-art models. Additional sensitivity analysis re-
veals that the overall results are hardly affected by param-
eter changes.

1. Introduction
Action recognition in videos has been an active research

area due to its potential applications in video surveillance,

video indexing, human computer interaction, etc. Signif-

icant progress has been made in recent years by designing

local spatio-temporal features and adopting different encod-

ing schemes [16, 24]. The very popular features are dense

trajectories [23, 25] and its variants [10, 8], which track

densely sampled local interest points in the short term (e.g.,

15 frames) and compute hand-crafted features (e.g., HOG,

HOF, MBHx, MBHy) based on the trajectories. These fea-

tures are then encoded with Fisher vector (FV) or other

super vector encoding methods (e.g., VLAD), which can

Figure 1. Pipeline of HiVideoDarwin. In this example, we con-

struct global feature evolution with two layers. In the first layer,

different ranking machines are performed for video clips to get lo-

cal motion descriptors. In the second layer, these descriptors are

combined to obtain final video representation.

achieve good performance for action classification. These

methods can capture the discriminative local changing pat-

terns around the interest points well, but fail to describe the

global motion patterns or the long-term temporal evolution

of features.

Inspired by the great success of deep learning for image

classification [13, 21, 22], object localization [6] and speech

recognition [2], etc, there is a growing trend of learning

video representations using deep neural networks. Ji et al.

[9] and Karparthy et al. [12] extend the 2-D Convolutional

Neural Networks (CNN) to the temporal dimension to learn

3-D video features. Simonyan et al. [20] propose a two-

stream CNN framework by performing two CNNs on static

frames and optical flows, respectively. These CNN based

approaches only compute motion features in short time win-

dows, so it is hard for them to capture global temporal mo-

tions. Considering that Recurrent Neural Network (RNN)

has the generic powerful ability for sequence data [7], re-

cently, Hei Ng et al. [15] connect Long Short-Term Mem-

ory (LSTM) cells to the output of the CNN and show per-

formance improvement when compared with various con-

volutional temporal pooling architectures. Donahue et al.

[3] develop a novel end-to-end trainable recurrent convolu-

tional architecture suitable for a variety of visual tasks like

action recognition, image description and retrieval. These
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RNN based approaches combine image information across

a video over a longer time period, but are computationally

expensive and difficult to train.

More recently, Fernando et al. [5] propose a method

called VideoDarwin that can model video appearance evo-

lution. They adopt a ranking machine to model the order-

ing of frames and use the parameters as video representa-

tion. Although this method shows promising results in a

variety of action datasets, it has several drawbacks. Firstly,

for long video sequences, a single ranking machine could

hardly capture the global ordering. Secondly, the model is

sensitive to the large appearance changes between adjacent

frames due to the uncertain ordering relationship.

To address the above problems, in this paper, we pro-

pose Hierarchical VideoDarwin (HiVideoDarwin) for ac-

tion recognition. Figure 1 shows the pipeline of our ap-

proach. Unlike VideoDarwin that uses one ranking machine

to summarize all the frame descriptors, our HiVideoDar-

win first performs separate ranking machines for the divided

clips to get local motion representation. Then we treat them

as inputs of a ranking machine in the next layer to model

video motion evolution. Compared with original VideoDar-

win, HiVideoDarwin models both local appearance evolu-

tion for clips and global motion evolution for video. Com-

pared with deep learning based approaches, HiVideoDar-

win can also abstract semantic information in a hierarchi-

cal way. Compared with traditional action recognition ap-

proaches, HiVideoDarwin can model global motion evolu-

tion for actions based on local features.

The main contribution is that we propose a hierarchical

ranking based method to learn video representation, which

considers both local order and global order of video frames

to model local appearance evolution and global motion evo-

lution. It is worth noting that our approach can also be ap-

plied to other large scale learning to rank problems. With

the resulting new representation we obtain the state-of-the-

art results in fine-grained action and gesture recognition

tasks.

2. VideoDarwin
As Fernando et al. show in [5], a ranking machine can

be used to model the appearance evolution of video frames.

They use the parameters of the ranking machine as new

video representation, named VideoDarwin.

Given a video with n frames X = [x1, x2, · · · , xn], xi
is the representation of frame i, Fernando et al. define a
simple vector valued function V over the time variable t,
V : t → vt, where vt combines the representations of all
frames up to time t. In this way, the relative ordering con-

straints exist for vt, which is, v1 ≺ · · · ≺ vt ≺ · · · ≺ vn.
Then a lot of learning to rank paradigms [14, 11] can be

adopted to maintain the order and to abstract features. They

use a pairwise linear ranking machine to illustrate the pro-

cess. With parameter u, the ranking score of frame t is ob-
tained as ψ(vt;u) = uT vt, such that, ∀ti, tj , ti > tj ⇔
uT · ti > uT · tj . The objective can be optimized via a
max-margin framework.

arg
u
min 1

2 · ‖u‖2 + C
n−1∑

j=1

n∑

i=j+1

εij

s.t. uT (vti − vtj ) ≥ 1− εij
εij ≥ 0.

(1)

In [5], the authors also analyze the generalization capacity

to illustrate the learned parameter of the ranking machine

shall be similar for similar actions. Since the parameter

vector u captures the ordering of frames, it will be an ideal
video representation.

3. Hierarchical VideoDarwin
Although VideoDarwin shows promising results for sev-

eral action recognition tasks (generic action recognition,

fine-grained actions recognition and gestures recognition),

it has some shortcomings. Firstly, a single ranking machine

could hardly capture the global ordering of long sequences.

Secondly, if the sequence has large appearance changes in

the frame level, such as shot transition, since there is no

obvious appearance ordering constraints for video frames

coming from different shots, the model would fail to cap-

ture the real evolution of appearance within the video.

The motivation of HiVideoDarwin is to model high-level

and global motion evolution of long video with large ap-

pearance changes. The pipeline of HiVideoDarwin is shown

in Figure 1. In this paper, we construct HiVideoDarwin with

two layers. It can be easily generalized to more layers. The

details of the two layer HiVideoDarwin are as follows.

3.1. Model Local Appearance Evolution

Before modeling video appearance evolution, we first

extract and preprocess frame features in the same way as

[5]. Let V = [v1, v2, · · · , vn] be the frame descriptors,
where the video is composed of n frames. We divide the
long video sequence into s overlapping clips. Assuming
each clip has the equal length ofm frames, and overlapping

frame number is h. Let define r as the overlap rate, which
is r = h/m. The following equation satisfies:

m(s+ r − s · r) = n (2)

The only two independent parameters for our model are r
and s, and we conduct sensitivity analysis for them in the

final part of experiment.

We apply different ranking machines for each video clip,

and use the parameters of these models as clip motion de-

scriptors. This layer can well capture the local appearance

evolution for long video sequences.
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Figure 2. Top: A video is divided into overlapping clips. HiVideo-

Darwin first models frames ordering of clips to get local motion

representation, then models clips ordering of the video to get ac-

tion representation. Bottom: Action is composed of a series of

ordered motions. For videos of large appearance changes, it will

result in incorrect action representation if a single ranking machine

is performed over all the frames since the order does not exist at

appearance level.

3.2. Model Global Motion Evolution

As the parameters of the ranking machines in the first

layer keep the ordering of frames for local clips, they can

model the appearance evolution and serve as motion de-

scriptors of these clips. Based on the observation that a cer-

tain action can be decomposed into a series of ordered mo-

tions, the relative ordering constraints exist for these sub-

clips. In order to model global motion evolution of the

video, we directly use these clip representations as inputs

of the ranking machine in the next layer. This layer mod-

els the global motion evolution of action (see Figure 2). It

can preserve semantic ordering of local clips even when the

frame appearance changes greatly.

3.3. Computational Complexity

As illustrated in [1] that when a function can be compact-

ly represented by a hierarchical architecture, it might need

a very large architecture to be represented by a shallow one.

Let us use the pairwise learning to rank scheme to discuss

the computational complexity. VideoDarwin optimizes an

objective defined over n2 possible pairs for data with n ex-
amples (e.g., a video of n frames). HiVideoDarwin com-
putes s · m2 + s2 pairs. According to (2), this formula can

be simplified as s ·m2+ s2 ≈ s ·m2 ≈ n2

s(1−r)2 , e.g., when

s = 0.2, the computational burden is almost reduced to 2
s

of the original.

4. Experiment

Now we evaluate the performance of HiVideoDarwin.

The default parameters are s = 5 and r = 0.2. We use
the non-linear forward and backward model (NL-RFDVD)

in HiVideoDarwin, compare the best VideoDarwin model

in [5] and other state-of-the-art methods. In addition, eval-

uations on the parameters are conducted.

4.1. Datasets

The MPII cooking activities dataset [18] was created for

fine-grained action classification. It recorded 12 partici-

pants performing 65 different cooking activities with a total

length of more than 8 hours. We use the bag-of-words his-

tograms features (HOG, HOF, MBH and TRJ) provided by

[18]. To compute HiVideoDarwin, we compute χ2-kernel
maps on histograms in the same way as [5]. Multi-class

precision and recall and per class mean average precision

(mAP) are computed using the same procedure as in [18].

The ChaLearn 2013 Gesture dataset [4] contains 23

hours of Kinect data of 27 persons performing 20 Italian

gestures. The data is split into train, validation and test sets,

with in total 955 videos each lasting 1-2min and containing

8-20 non-continuous gestures. For each frame we estimate

the body joints using [19] to preprocess these data and ex-

tract frame descriptors in the same way as [5]. We report

precision, recall, F1-score and mAP on the validation set,

as done in [17, 28].

4.2. Experimental Results

The results of MPII cooking are shown in Table 1, from

which we can see that HiVideoDarwin is the best. It

surpasses VideoDarwin by 3.4%, 6.7%, 3.2% in terms of

multi-class precision and recall, per class mean average pre-

cision, respectively. The results verify our expectation that

better action representation would be achieved by using a

hierarchical structure to consider both local and global or-

ders of video frames.

The results of ChaLearn are shown in Table 2. Al-

though HiVideoDarwin outperforms the current state-of-

the-art methods, the improvement is not significant when

compared with original VideoDarwin. This can be ex-

plained that for this dataset, the number of frames for action

clips is small, i.e., 40 frames in average, and VideoDarwin

is capable of the ordering of such short sequence. In ad-

dition, the body joints that we use as frame descriptors are

relatively stable temporally while our model is more suit-

able for features with sharp appearance changes.
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Figure 3. Evaluation of the number of clips and the overlap rate. For (a),(b),(c), the number of clips is fixed with 10, when we examine the

influence of the overlap rate. For (d),(e),(f), the overlap rate is fixed with 0.2 when we examine the influences of the number of clips.

Approach
Multi-class Per class

Precision Recall mAP

Local Pooling [18] 49.4% 44.8% 59.2%
VideoDarwin [5] 50.8% 51.9% 62.7%
HiVideoDarwin 54.2% 58.6% 65.9%

Table 1. Comparison of HiVideoDarwin with VideoDarwin and

Dense Trajectory on MPII cooking dataset.

Approach Precision Recall F-score

Pfister et al. [17] 61.2% 62.3% 61.7%
Yao et al. [28] - - 56.0%
Wu et al. [26] 59.9% 59.3% 59.6%
VideoDarwin [5] 74.0% 73.8% 73.9%
HiVideoDarwin 74.9% 75.6% 74.6%

Table 2. Comparison of HiVideoDarwin with the state-of-the-art

methods on ChaLearn gesture recognition dataset.

Precision(%) Recall(%) mAP(%)
mean std mean std mean std

s = 10 54.0 0.34 56.4 1.18 64.1 0.65

r = 0.2 53.9 0.42 56.5 1.42 63.8 1.42

Table 3. Statistical analysis for parameters. Note that std is short

for standard deviation. In the first row we fix the number of clips

with 10 and vary the overlap rate, in the second row we fix the

overlap rate with 0.2 and vary the number of clips.

4.3. Parameter Evaluation

In this section, we evaluate the impact of the number of

clips s and the overlap rate r on the performance by report-
ing multi-class precision and recall and per class mAP of

different model parameters for the MPII cooking dataset.

Evaluation is carried out for one parameter at a time. We

evaluate the overlap rate from 0.2 to 0.8, and the number of

clips from 5 to 40, the results are shown in Figure 3.

In Figure 3, we can see that generally, the performances

increase with a lower value of both the overlap rate and the

number of clips. For example, with s = 5, r = 0.2, the
performance is the highest in our settings. The influence

of the number of clips can be explained by some observed

phenomenons, i.e., a simple action can be decomposed of

several (e.g., four or five) motions. For the overlap rate, a

small value of 0.2 is sufficient to establish connection be-
tween adjacent clips, and more overlap will cause redun-

dancy thus reducing the performance.

Interestingly, recall curve has a local maxima with r ≈
0.6. On one hand, the more overlap, the more similar sub-
clips, which can lead to more similar video representations

of the same action. On the other hand, as discussed above,

the large overlap decreases accuracy, so there should be a

balance between the two factors.

The mean and standard deviation of the evaluations are

shown in Table 3, with average performance higher than

current state-of-the-art methods and low standard devia-

tion values, our model is insensitive to parameter changes,

which reflects the robustness of HiVideoDarwin.
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5. Conclusions
As action is a series of temporal motions, long se-

quence analysis is increasingly attracting researcher’s atten-

tion. Long Short Term Memory (LSTM) networks show

promising results for sequences of very long time lags of a

unknown size [7], and are beginning to rise in action recog-

nition [27, 15, 3]. However, these methods need a huge

number of labeled videos and are computationally expen-

sive and difficult to train. VideoDarwin regards the frames

sequence as an ordered list and use a ranking machine to

learn video representation. It shows good results on some

datasets and is fast to compute, but it has limitations to pro-

cess long sequences with large appearance changes. To ad-

dress this problem, in this paper we have proposed a hi-

erarchical VideoDarwin method, short for HVideoDarwin,

which can model both local appearance evolution for clips

and global motion evolution for video. Extensive experi-

ments on two datasets indicate the effectiveness of HVideo-

Darwin. We will combine this method with LSTM network-

s in the future.
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