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Good Practices for Learning to Recognize Actions
using FV and VLAD
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Abstract—High dimensional representations such as Fisher
Vectors (FV) and Vectors of Locally Aggregated Descriptors
(VLAD) have shown state-of-the-art accuracy for action recogni-
tion in videos. The high dimensionality, on the other hand, also
causes computational difficulties when scaling up to large-scale
video data. This paper make three lines of contributions to learn-
ing to recognize actions using high dimensional representations.
First, we reviewed several existing techniques that improve upon
FV or VLAD in image classification, and performed extensive
empirical evaluations to assess their applicability for action
recognition. Our analyses of these empirical results show that
normality and bimodality are essential to achieve high accuracy.
Second, we proposed a new pooling strategy for VLAD and three
simple, efficient, and effective transformations for both FV and
VLAD. Both proposed methods have shown higher accuracy than
the original FV / VLAD method in extensive evaluations. Third,
we proposed and evaluated new feature selection and compression
methods for the FV and VLAD representations. This strategy
uses only 4% of the storage of the original representation, but
achieves comparable or even higher accuracy. Based on these
contributions, we recommend a set of good practices for action
recognition in videos for practitioners in this field.

Index Terms—Action Recognition, Empirical Evaluations,
Transformations, Feature Selection and Compression

I. INTRODUCTION

The past decade has witnessed increasing interests in recog-
nizing actions in videos (e.g., [1], [2], [3], [4], [5], [6]) based
on effective representations and learning methods. Along with
the dramatic increase of publicly and commercially available
video sharing services like Youtube™, the need for automatic
understanding of video contents has been an attractive research
topic in relevant areas, such as computer vision, pattern recog-
nition, signal processing, and multimedia. Action recognition,
or recognizing the semantic category of a short video clip that
contains an action, has been the most studied topic in this
direction, possibly because it forms the basis for successful
video understanding.

There has been a vast literature on action recognition. In
this paper, we focus on the bag-of-features action recognition
pipeline, because it is currently the state-of-the-art action
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recognition framework. Without loss of generality, we can
roughly decompose a bag-of-features based action recognition
pipeline into three sequential steps:

Step 1: Extraction of informative raw motion features.
The community generally agree that motion information is
the most important cue for recognizing actions. From the
beginning of action recognition research, finding good motion
features have been the focal spot. That is, to find where and
when the motion is, and to properly represent these raw motion
information. Recent examples of popular raw motion features
include the space-time interest points (STIP) [!] and dense
trajectory features (DTF) with motion boundary histograms
(MBH) [6]. STIP and MBH, especially MBH, usually achieve
the highest action recognition accuracy in the literature.

Step 2: From raw motion features to action repre-
sentation. The raw motion features extracted from a single
video clip are usually a set of vectors, which are inconvenient
for recognizing the action inside it. Conventional classifiers
require that a video is represented as a single vector. An
important step is to transform a set of raw motion feature
vectors into a single vector.

Many transformation methods have been proposed in the
literature. The bag-of-features (BOF) representation has been
the most popular choice, due to its simplicity and excellent per-
formance. BOF originates from the text processing research,
which transforms an article (a set of words) into a single vector
(i.e., histogram of word frequencies.) It then becomes popular
in image classification, where visual descriptors extracted from
various image patches in an image form a set. Then, a k-means
clustering process turns this set of visual descriptors into a
set of “visual words” [7], [8]. The same BOF framework can
thus be adopted. The BOF transformation framework has been
popular in action recognition [2], [9], [5], [6].

Step 3: Classification. The third and final step of action
recognition is to classify the transformed vectors / videos
using machine learning techniques. Various classifiers have
been used to learn action recognition models. The support
vector machines (SVM) has been the common choice in recent
research, partially because of its excellent speed and accuracy,
and publicly available high-quality implementations [10].

Among these steps, motion features have enjoyed the most
attention in the past. The DTF feature in [0] significantly
outperformed previous state-of-the-art results on 9 benchmark
datasets. As one example, recognition accuracy on the chal-
lenging HMDBS51 dataset jumped from 26.9% in [I1] to
48.3% in [6]. Finding good motion features may continue to
maintain its central role in action recognition research, e.g.,
the w-flow features further increased accuracy on HMDBS51
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to 52.1% [12]. The authors of [6] further improved their DTF
features and proposed ITF (improved trajectory features) by
taking into account the effect of camera motion and hence
achieving better motion estimates [13]. As a consequence of
this improved motion information encoded inside ITF, the
accuracy on HMDBS51 is improved to 57.2%. Hence, the
experiments in our evaluations use ITF as the raw motion
feature. However, the proposed methods can also be applied
to other types of features, such as the optimal set generated
by genetic programming [14].

This paper focuses on the second step: how to transform a
set of raw motion features into a vector representation of the
video. The VLAD framework (Vectors of Locally Aggregated
Descriptors) was used in [12] instead of the classic bag-of-
features, a fact that contributed a lot to its accuracy gain.
One recent trend is that high-dimensional BOF representation
frameworks such as Fisher Vector (FV) [15] or VLAD [16]
are gaining popularity in video representation—mainly due to
their excellent recognition accuracy [17]. For example, VLAD
exhibited significant improvements on two difficult datasets
(Hollywood2 and HMDBS51) over classic bag-of-features [12].
In [18], using FV or VLAD can both improve the event
classification accuracy by a large margin.

In this paper, through extensive empirical evaluations on FV
and VLAD, we show that proper video representation, i.e.,
good practices in transforming a set of raw motion features to
a vector representation, can further boost action recognition
accuracy, and the gains are achieved with negligible increase
of computational cost. We propose new methods for the trans-
formation, including a new pooling strategy for VLAD and
three per-dimensional transformations for both FV and VLAD.
We also present new analyses and explanations of various
empirical results, which show that normality and bimodality
are essential for high recognition accuracy. Finally, we propose
a combination of feature selection and compression such that
machine learning for large-scale action recognition can be
handled. Specifically, the contributions are:

1: Extensive empirical evaluations of various improve-
ment techniques for the FV and VLAD representations.

Many improvements have been proposed for the FV and/or
VLAD representation framework in the image classifica-
tion and retrieval domain, including at least power normal-
ization [19], root descriptors [20], spatio-temporal pyramid
(STP) [9] (an extension of SPM to videos, see also [0], [18])
and residue normalization [21]. Most of these improvement
techniques have achieved excellent performance in the image
domain, but have not yet been applied or evaluated in the video
domain. We evaluate these techniques using extensive exper-
iments and a few good practices concerning these techniques
are presented based on the evaluation outcomes.

Besides empirical evaluations, we also try to explain the
success or failure of these techniques, and propose recom-
mendations on when they are to be used or not to be used.

Empirical evaluation of action recognition frameworks have
already been performed previously, e.g., in [17], [22]. We want
to note that the aspects evaluated in this paper are mainly
improvement techniques proposed in the past few years, which
are complementary to those aspects evaluated in previous

studies [17], [22].

2. A new pooling strategy for VLAD, and three trans-
formation to improve both FV and VLAD.

We propose a new average pooling strategy to replace the
sum pooling strategy in VLAD. We also propose three simple
but efficient and effective transformations. The proposed pool-
ing strategy and transformations have excellent performance
in terms of both accuracy and running speed, as shown in our
evaluations.

3. Combined feature selection and compression for large-
scale datasets.

We evaluate the MI-based feature selection method for FV
in [23]. We also proposed a new 2-bit compression scheme
based on the existing 1-bit compression. The combination of
feature selection and compression can achieve higher accuracy
than the original FV or VLAD representation, even though
only 4% or even less storage is used.

Overall, the goal of this paper is to provide a set of good
practices for the representation of an action video which will
facilitate the learning of action recognition models. When we
are given a type of raw motion feature (or set of motion
features that are combined together), good video representation
can make the best of the representational power of these raw
motion features. Furthermore, if we are to compare different
raw motion features, proper video representation can remove
the bias of video representations to ensure fair comparisons
among the raw motion features. The suggested good practices
come from two origins: extensive evaluations of existing
techniques, and pooling and post-processing transformation
techniques proposed in this paper.

We start by introducing the commonly used representations
in Sec. II. The improvement techniques (both existing and
proposed) and their evaluations are in Sec. III. Study of
distribution of feature values (normality and bimodality) and
a new maxent explanation for VLAD is presented in Sec. I'V.
The three proposed transformations and their evaluations are in
Sec. V. Sec. VI concludes this paper. Some preliminary results,
including the VLAD-based evaluations on three datasets using
the DTF raw motion features, were originally published in [24]
as a conference presentation.

II. BACKGROUND: BOF, VLAD AND FV

Supposing that we are given a video clip. A set of N motion
features are already extracted from it, and a codebook of size
K is learned by the k-means clustering algorithm applied to a
subset of all raw motion features in the training set. We denote
the code words in the codebook as ci,...,cx (centroids of
the K clusters) and the motion features for this video as 7,
wherei=1,...,Kandj=1,...,n;, x},..., " are all the
motion features that belong to the ¢-th code word (i.e., whose
nearest neighbor in the codebook is c¢;). We assume that the
raw motion features are d-dimensional, that is, ¢; € Rd, w{ €
R? for all ¢ and j, and that 21}(:1 n; = N holds.

The classic bag-of-features representation will represent this
video as a vector in R¥, as

(nlanQa"'anK)TeRKa (1)
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a K-dimensional vector that contains frequencies of different
code words. Typical usage is to choose K from the set
{256,512, 1024, 2048, 4096}

The VLAD representation extracts more information from
the set of raw features than simple BOF. Its representation is
based on the residue acZ — ¢;, that is, not only counting how
many raw motion features belong to a code word ¢;, but also
taking into account how they distribute with respect to the
code word. The VLAD representation, in our notation, is:

ni nK
v= Z(w{ - 01)7...,2(:%( —cg) | eR>E (2
j=1 j=1

For each code word, VLAD (vector of locally aggregated
descriptors) aggregates the residues of raw motion features
inside this code word, and concatenates the aggregated vectors
for all code words, hence having a dimensionality of Kd.
VLAD vectors are usually ¢5 normalized by v + v/||v||.

The residues are much higher dimensional than a single
counting number (d vs. 1) and contains more useful in-
formation. Thus, VLAD has higher recognition rates than
BOF in both image and video recognition problems [16],
but also requires much higher storage costs and computation
times [23]. When we need to deal with large number of
video clips, it is important to deal with such computational
difficulties in practice.

VLAD encodes the first-order information (the residue)
rather than the zero-th order information (counts) and gains
in recognition accuracy. It can be viewed as a special case of
the Fisher Vector (FV) representation, which further utilizes
the second-order information [15].

In FV, let us suppose {x1,...,xzr} are used to learn the
representation, which is a subset of all training raw motion
features. A Gaussian Mixture Model (GMM) is built from
this subset, which is used to replace the k-means clustering
algorithm. A GMM model has the following form:

K
ua(®) = Y wiuk (), 3)
k=1
where

@)= e (5 @ w5 @)
(2m) % 2|2 2
“)
is a component Gaussian distribution, & is a raw motion
feature vector, and A = {wy, pty,, X, k = 1,2,..., K} is the
set of parameters, including the mixing coefficients wyg, the
mean p,; and the covariance X (second-order information)
for all Gaussian components.
Given any single raw motion feature vector x, its posterior
probability w.r.t. the Gaussian components are computed as

W) = s s m:j-(f-)@) - )

FV assumes that ¥, is diagonal and instead denoted by o7,
which is a vector of d numbers. Then, FV generates

1 T
Gup = == (m(@) —wy) 6)

N
1 4 T — [y
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N () L (@)
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Note that all *_#= and (-)* operations that involve vectors are
treated as component-wise operations on all dimensions. Thus,
Guw,» guk and G, are 1-, d- and d-dimensional, respectively.
The final FV representation is the concatenation of these three
parts for all k = 1,2, ..., K, which is (2K +1)d dimensional.
In this paper, we ignore G,,, but keep Quk and G, . Thus, the
dimensionality is 2K d. An FV vector is also /5 normalized.
Both FV and VLAD can be considered as variants of the
BOF framework. All three methods have been widely used in
image classification and retrieval. There are also techniques
to improve the original versions of them. Some of these
improvement techniques (such as power normalization and
STP) have also been used together with BOF, VLAD or
FV in action recognition. Some (e.g., root descriptors and
residue normalization), however, have not been used in action
recognition in videos to the best of our knowledge. We will
evaluate them in the context of action recognition in Sec. III.

III. EVALUATIONS OF FV AND VLAD IMPROVEMENT

TECHNIQUES
We first specify the details of these improvement techniques:
o Power normalization [19]. Apply
v sgn(v)|v|*(0 < a < 1) )

to every dimension of the vector v (the FV or VLAD
representation) respectively. This operation is applied
after Eq. 2 for VLAD or equations 6—8 for FV, but before
the /5 normalization.

« Root descriptors [20]. Apply

Tz

before Eq. 2 or equations 6-8 (also before the k-means
clustering or GMM training), assuming any raw motion
feature vector @ is a non-negative vector. The /- operator
is applied to every dimension of x individually.

« Residue normalization [21]. In Eq. 2, replace ] — ¢; by

(10)

x — ¢

—t 11
2 el "
This operation does not apply to the FV representation.
o Spatio-temporal pyramid (STP) [9]. We use the following
setup: split all video frames horizontally into 2 halves,
extract VLAD or FV from both the original video and
these two halves, leading to a 3Kd dimensional video

representation if VLAD is used, or 6 Kd for FV.
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In practice, the mf in VLAD or the « in FV is usually not
a raw motion feature vector. Dimension reduction techniques
are usually first applied to the raw motion features. And
PCA (Principal Component Analysis) is often used, because
PCA has been proved essential for the success of FV and
VLAD [15], [16].

Besides these improvement techniques in the literature,
we propose a new variant of the VLAD representation. In
Eq. 2, individual raw motion features are pooled using a sum
operation. We found that using an average pooling can achieve
higher accuracy rates, which is verified in our extensive
evaluations. In its precise form, the proposed average pooling
VLAD variant is:

o — (Zyil(””{ —e)  XiN(@h - CK)> € RIXK

geeey

ny nk

12)
k-means is used in VLAD to cluster descriptors into groups
and aggregate them. However, k-means is known to gener-
ate imbalanced grouping results [25], that is, the numbers
ni, na,...,ng will vary a lot. Simply aggregating the residues
will cause those large groups (i.e., with a large ny) to be overly
emphasized. Thus, we expect the average pooling in Eq. 12
(which removes this effect by dividing the residues by ng)
will work better than the sum pooling in Eq. 2.

A. Datasets and experimental setup

We evaluate the performance of these techniques using
seven datasets. They cover different scales and difficulty levels
for action recognition:

UCF101 [26]: This is a large scale dataset with 101 action
categories and 13320 clips. We follow the evaluation protocol
in [27]. Three sets of training / testing videos are defined
in the protocol. For every experimental setup, we train 3
classification models using the training sets, and evaluate the
models’ performance using their respective testing sets. The
average recognition accuracy is reported.

HMDB51 [5]: This is a medium scale dataset with 51
actions in 6766 clips. We use the original (not stabilized)
videos and follow [5] to report average accuracy of its 3
predefined splits of training / testing videos.

UCF50 [28]: This is a medium scale dataset with 50 action
categories. For each action type, there are 25 groups and the
first 4 videos inside each group are used in our experiments,
following the protocol of [28]. A leave-one-out (LOO) cross-
validation (CV) type of evaluation method is used, but each
group is considered as an atomic unit in the evaluation (rather
than a video). The average accuracy of the 25 LOO-CV runs
is averaged and reported.

Youtube [4]: This is a small scale dataset with 11 action
types. Similar to the UCF50 dataset, there are 25 groups in
each action category and 4 videos are used in each group.
Following the original protocol, we again report the average
of the 25-fold LOO-CV accuracy rates.

UCF sports [29]: This is a small scale action recognition
dataset with 10 classes, totaling only 150 videos. Follow-
ing [6], we flip every video horizontally to obtain more training
videos. The LOO-CV strategy is used in the evaluation. We

run the experiments 150 times, each time using one original
video as the testing video, while the remaining 149 original
videos and their 149 flipped versions are used during training.
The average accuracy of 150 runs is reported.

Hollywood2 [30]: This is a small scale action recognition
dataset with 12 action types. The video clips are extracted
from Hollywood movies and difficult to classify. There are
823 training and 884 testing videos, totaling 1707 clips. Note
that the training and testing clips are extracted from different
videos. The average precision (AP) for each action type is
first computed, and the mean AP (mAP) of the 12 types is
reported, following [30].

Olympic sports [31]: This is a small scale dataset with
783 videos (649 training + 134 testing) and 16 sports actions.
Following commonly used protocol for this dataset, we report
the mean average precision (mAP) over all action types.

Because our focus is video representation, we fix the raw
motion feature in our experiments to the improved trajectory
features (ITF) [13], which has further improved over the DTF
features. We also fix the classifier in the third step to linear
SVM, which is the default choice to use together with FV
and VLAD representations. Note that evaluations using DTF
features on three datasets (UCF101, HMDBS51 and Youtube)
are presented in our preliminary work [24].

In ITF, we use all its five raw motion feature types: trajec-
tory, HOG, HOF, mbhX and mbhY. We first sample roughly
one million (10%) raw motion features from 10% videos. Then,
for each feature type, we perform the Principal Component
Analysis (PCA). The threshold of PCA is picked such that
90% energy is kept. The PCA operations are performed
separately for each of the 5 feature types. In generating the ITF
features, we use the default parameters, which results in 426
dimensions in total. After the PCA operations, PCA reduce the
426 dimensions to different number of dimensions in different
datasets, but are all around approximately 200 dimensions in
different runs of all 7 datasets. For the third step, we use the
LIBLINEAR software package [10] with its default parameters
for classification, except that an additional parameter —B
1 is used in all our experiments. When performing power
normalization, we set o« = 0.5.

We want to present some notes about the features and clas-
sifiers. ITF is a complex and time-consuming feature which
suits complex video data. There are other lighter features such
as the spatio-temporal Laplacian pyramid feature [32]. This
feature is lightweight and achieves high accuracy on the UCF
sports dataset, but has not been tested on the recently proposed
complex dataset such as UCF 101.

Very recently, deep learning has also been applied to action
recognition and has achieved excellent recognition accuracy,
e.g., using 3D convolution directly on several consecutive
video frames [33], [34]. As aforementioned, motion informa-
tion is the key information for action recognition, but such
information is only implicitly included in the 3D convolutions.
The two-stream framework applies deep learning methods
to both the video frames and optical flow fields (which
encodes motion information explicitly) computed from these
frames [35], which yields higher accuracy rates than ITF
features (e.g., 88.0% for UCF101). Motion information is fur-
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ther considered in the temporal direction using LSTM (Long-
Short Term Memory) in [36], which further boosts recognition
accuracy (e.g., 91.3% for UCF101). Since the focus of this
paper is on the FV and VLAD based on local descriptors, we
will not cover and compare with the approaches using deep
learning based features.

As for classifiers, although we only use linear SVM in
this paper, there are many other choices beyond SVM. For
example, in scenarios where reporting posterior probabilities
for all classes is more important than reporting the predicted
label, we can resort to the Gaussian processes regression
technique in [37].

B. Evaluation results and discussions

The evaluation results are summarized in Tables I and II,
for FV and VLAD based techniques, respectively. Now we
analyze the results for each technique one by one. In these
tables, K stands for the codebook size, STP for spatio-
temporal pyramid (3 means original + two horizontal splits),
RN for residue normalization, RD for root descriptors, and
PN for power normalization. Specific to VLAD, the POOL
column denotes whether a sum (Eq. 2) or average pooling
(‘avg’, Eq. 12) is used, respectively. Both POOL and RN are
specific to VLAD, which are not evaluated for FV.

o Baselines. The row 2 in Table I and row 3 in Table II
are baselines in the evaluations, respectively. Except for
power normalization, none of the improvements is used.
K = 128 is used for FV and K = 256 for VLAD,
which makes the FV and VLAD vectors having the
same number of dimensions. When a different setting is
compared with the baselines, a T, |, or = sign indicates
that the alternative method is better than, worse than, or
same as the baseline. The following evaluations alter one
condition to the baseline at a time.

o K and STP. One observation consistent with previous
evaluations (e.g., [17]) is that: in general the accuracy
improves when more information is used. When K in-
creases or STP is used, accuracy generally increases. It is
also obvious that increasing K is more effective in VLAD
than in FV. The STP operation is also more effective in
VLAD than in FV. One possible explanation is that FV
already contains enough relevant information for action
recognition when K = 128, and further increasing K to
256 or using STP may not increase effective information.

o Power normalization. PN seems equally effective as
increasing information. Row 6 in Table I and row 8 in
Table II clearly shows that when PN is removed, the
accuracy is consistently lower than the baselines in all
14 experiments. We will provide an explanation for its
effectiveness in Sec. IV.

o Average pooling. As shown by row 7 in Table II, the
proposed average pooling variant outperforms original
VLAD in almost all datasets.

o Residue normalization. It only applies to VLAD, and is
slightly effective (in 3 out of 7 datasets).

o Root descriptors. It incurs losses in all VLAD results.
However, it is slightly effective in the FV experiments (2

out of 7). We will further examine power normalization
and root descriptors in Sec. IV.

o Combined improvements. The last row in Table I or II
combines these techniques that can increase accuracy and
evaluate again, i.e., combining all techniques that exhibits
a T sign in a column. For FV, we compare K=256 and
K=128, STP and choose the one with higher accuracy
for each column. The last row accuracy is shown in
boldface if it is the highest in its column. The combined
result achieves the highest accuracy in all datasets for
FV, and 5 out of 7 in VLAD experiments. That is,
combining effective individual techniques usually leads
to even higher accuracy, although it is not guaranteed.

In short, we make the following suggestions of good prac-
tices based on evidences from the evaluations of existing and
the proposed improvement techniques:

o Complexity is an important factor. Techniques that im-
prove performance by introducing longer features (i.e.,
increasing K or using STP) is usually effective. It is
good to start with a small K, and gradually increase
the codebook size or the number of divisions in STP,
until the performance is saturated. As a rule of thumb,
we recommend K = 128 plus STP if FV is used, and
K = 256 if VLAD is used;

e FV is in general better than VLAD. The gap, however,
is not significant in many cases. Given the simplicity of
its implementation, VLAD is also an excellent choice for
action recognition representations;

e Average pooling and power normalization are good prac-
tices. PN is a necessary step for both FV and VLAD. For
VLAD, the proposed average pooling is a better choice
than the sum pooling in the original VLAD; and,

o Try other techniques and combine them. It is also worth-
while to try techniques such as root descriptors and
residue normalization. It is also important to combine
those individual techniques that show improvements on
a specific dataset.

Important questions remain though: 1) Why root descriptors
have mixed results and when will it help? 2) Why is power
normalization always effective in video action recognition? We
will handle both questions in the next section.

IV. DISTRIBUTION OF VALUES & A MAXENT
INTERPRETATION

In this section, we will have a closer look of the properties
of feature vectors generated by FV and VLAD, in order to
understand root descriptors and power normalization better.
Given a raw motion feature & € RY, we first perform the
PCA to get our motion feature

x « P (& —E(&)), (13)

where P € R4*? and E() are eigenvectors of the covariance
matrix of & and its mean, respectively. Further assuming we
center the raw motion features (i.e., minus E(Z) from them),
Eq. 13 reduces to = < Pz.

In order to simplify the notations, in this section we assume
K =1 without loss of generality. All the raw features from
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TABLE I
EVALUATIONS OF THE FV IMPROVEMENT TECHNIQUES. ROW 2 IS THE BASELINE METHOD. BEST IF VIEWED IN COLOR.

# K STP | RD | PN | UCF101 | HMDBS51 | UCF50 | Youtbue | UCF sports | Hollywood2 | Olympic sports
1] o4 1 v | 82.20) 55.38) 89.52] | 89.73] 88.00 61.39] 90.89)
2| 128 1 Vv | 8422 56.27 89.90 90.82 88.00 62.62 91.37
3| 256 1 v | 84.561 56.931 90.281 | 90.64) 86.00, 62.711 90.43]
41 128 3 v | 84.561 55.53] 90.167 | 90.64] 91.331 61.91] 89.43]
51 128 1 Vv Vv | 83.56] 56.641 89.90 90.09 89.331 62.30) 90.64
6 | 128 1 80.64] 51.55] 86.70] | 87.91) 85.33] 59.98] 86.92)
[7] combine results | 84561 [ 57.211 90.287 [ 90.82— [ 92.001 [ 62.711 [ 91.37

TABLE I
EVALUATIONS OF THE VLAD IMPROVEMENT TECHNIQUES. ROW 3 IS THE BASELINE METHOD. BEST IF VIEWED IN COLOR.

# K STP | RN | RD | PN | POOL | UCF101 | HMDBS51 | UCF50 | Youtbue | UCF sports | Hollywood2 | Olympic sports
1] 64 1 NV sum 80.46. 51.72) 88.24] | 88.82) 86.67. 58.70) 88.551
2| 128 1 4 sum 81.72) 53.94] 89.061 | 89.45) 80.33) 59.28] 89.2171
3 | 256 1 v sum 83.13 55.32 89.04 89.73 88.00 60.96 88.20
4 | 256 3 v/ sum 83.681 55.381 89.261 | 90.181 88.671 60.991 87.47]
51 256 1 N VA sum 83.151 55.27] 88.90] | 89.55] 90.001 61.151 87.49]
6 | 256 1 v 4 sum 82.86. 54.84] 88.92] | 88.91) 86.67 60.80) 88.06.
7 | 256 1 Vv avg 83.367 55.841 89.561 | 90.271 89.331 59.43) 88.7171
8 | 256 1 sum 79.25) 50.89 86.36] | 88.27) 87.33] 58.01) 84.45]
[9 1256 ] combine results | 84107 [ 55.56T | 89.86T [ 90.45T [ 92.671 [ 59.41] | 88.731 ]

a video are denoted as &7, j = 1,..., N; and after PCA they
become x/ = P#’. There is only one code word, which we
call ¢. Since K = 1, we will drop the subscripts from ¢ and
x. Then, the VLAD vector is

v = Z;.V:l(mj —c¢)=P (Z;\;lij) — Ne.

Eq. 14 states that given the input (sum of raw motion features
belonging to a given code word), the VLAD vector v contains
values of several linear feature functions, whose projection
directions are determined by the PCA eigenvectors.

In other words, given an input video, VLAD is in effect a
two step process: 1) reduce the set of raw features belonging
to a code word into a single vector (sum of raw features);
and, 2) compute values of linear feature functions. Here we
ignore the effect of /5 normalization, which can be viewed as
a subsequent postprocessing step.

As for the FV vectors, it is clear that the g components
(Eq. 7) can also be interpreted as this two-step process.
Although the o components in FV (Eq. 8) involves higher-
order operations, we believe that the linear two-step process
are important in understanding both FV and VLAD, and will
study it in detail in this section.

(14)

A. VLAD as MaxEnt linear features

Linear feature functions have been widely used, e.g., in
natural language processing. In the literature, maximum-
entropy (maxent) is a widely used method for supervised
and unsupervised linear feature function learning [38]. The
maxent principle indicates that in an unsupervised case (i.e.,
without prior knowledge or constraint), we should seek linear
projections that lead to maximum entropy of the projected data
(P Zj &’ in our case).

It is well known that if the input data (:Ej ) follows a normal
distribution, then the PCA eigenvectors with largest eigenval-
ues are the optimal maxent solutions [39]. For completeness,

we also provide a sketch of its proof. Suppose & ~ N(0,X),
that is, the random vector x follows a multivariate zero-mean
normal distribution. We want to find a maximum entropy
(maxent) linear projection w such that ||w|| 1 and the
projected random variable y = 27w will have the maximum
differential entropy [40]

H(y) = — / p(y) log p(y) dy

among all possible projection directions.

Using properties of the normal distribution, it is easy to
derive that y ~ N (0, wT Xw). Since the entropy of a standard
normal distribution N (0, 0?) is 1 In (2rec?) nats, we have

5)

H(y) = %ln (2rew” Lw) . (16)

Thus, finding maxent linear projections for zero-mean Gaus-
sian data is equivalent to solving the following PCA problem:

maxw?! Lw st ||w| = 1. (17)

The generalization to multiple linear projections is trivial if
we require the linear projections are perpendicular to each
other—which is exactly the PCA requirement.

Thus, we arrive at the conclusion that VLAD can be viewed
as a maximum-entropy linear feature learning process, which
is optimal when the raw motion features are Gaussian. This
interpretation also applies to the p components in Fisher
Vectors.

B. Normality and root descriptors

Since normality is the assumption for optimal maxent
solutions and for PCA to produce statistically independent
dimensions (which is suitable for linear classifiers), it is thus
desirable to have Gaussian raw features. However, normality
rarely holds for either image or motion features, as will be
shown by the examples in Fig. 1. These facts lead to a
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conjecture that the success or failure of root descriptors hinges
on whether it can improve the normality.

Although there is no intuitive way to check normality
of multivariate distributions (in our case Zj @’ ), we can
check normality of a single linear feature function (i.e., one
dimension in P j e ). If normality holds for raw features,
the extracted features must also be normal, because linear
combination of Gaussians is once again a Gaussian.

The normality of a one-dimensional random variable can
be tested intuitively using the normal probability plot [41]. In
Fig. 1, we show example normal probability plots generated
from the UCF sports dataset. The plots are using data from one
FV dimension (dimension 7984, K = 128 in FV, with power
normalization). A normal probability plot has the data value in
the x-axis, and the data percentiles in the y-axis in log-scale.
When the empirical distribution (blue ‘+° signs) fits well to
the groundtruth normal probability line (red dashed line), the
data follows a normal distribution. It is easy to observe that
this FV dimension (i.e., one linear projection feature) deviates
from the red line significantly in Fig. 1b, but gets closer to
Gaussian in Fig. 1a when the root descriptor technique is used.

Based on Fig. 1, we conjecture that the application of root
descriptors can sometimes improve normality. Since Fig. 1
only visualizes one dimension in the FV vector, we use
statistical tests to examine the normality of a large number
of dimensions. We group all dimensions in the FV / VLAD
vector into groups, with each group containing 32 contiguous
dimensions. Then we use the Jarque-Bera test to examine the
first dimension in each group. In the Jarque-Bera test, any p-
value less than 0.001 is set to 0.001, and we call dimensions
with such p-values as trivial dimensions. We count the number
of non-trivial p-values (bigger than 0.001) as the indicator
as normality. It is found that when FV is used, the number
of non-trivial p-values almost quadrupled in the HMDBS51
and UCF sports dataset. However, in other datasets or when
VLAD is used, there is no significant increase in this indicator.
Furthermore, the trend of this normality indicator coincides
well with the rates in Tables I and II. These observations,
although far from being strong evidences, suggests that when
the root descriptor technique increases normality of a dataset,
we can expect that it will also increase the action recognition
accuracy in this dataset. We want to add that our preliminary
work [24] performed experiments using VLAD vectors and the
DTF raw motion features, whose results exhibited the same
trend between normality and recognition accuracy.

In short, putting these observations together, we have rea-
sons to conjecture that root descriptors are improving action
recognition accuracy through improving normality of the raw
motion features—that is, making the normality assumption of
maxent feature learning more realistic.

The normality of root descriptors, however, are still weak,
as shown in Fig. la. It does not seem easy to find a simple
data transformation that could make motion features more
Gaussian-like. Thus, it might be advantageous to directly
explore the maxent linear projections to replace the PCA
eigenvectors. We leave this topic to future research.

TABLE 111
PERCENTAGES OF ZERO ENTRIES IN FV AND VLAD VECTORS. DATASETS
ARE GENERATED USING THE SETUP OF ROW 2 IN TABLE I AND ROW 3 IN
TABLE II FOR FV AND VLAD, RESPECTIVELY.

FV | VLAD
UCF101 0.05% | 12.81%
HMDB51 0.24% | 14.85%
UCF50 0.13% | 12.29%
Youtube 0.50% | 12.14%
UCF sports | 0.69% | 10.07%
Hollywood2 | 0.01% 2.81%
Olympic 0.14% 5.55%

C. Side information, power normalization and bimodal distri-
bution

We also visualize histograms before & after power normal-
ization in Fig. 2. These plots reveal some interesting properties
about both FV and VLAD.

1) Missing code words as side information: One obvious
common pattern in Fig. 2 is the existence of a tall bar at the z-
axis’ zero point, i.e., many values are exactly 0 or extremely
close to 0. Table III shows the percentages of zero entries
in VLAD vectors. From Table III, when VLAD is used, the
percentage of zero entries is high (more than 10% entries are
zero in 5 datasets). When FV is used, the percentage of zero
entries is low (below 1% in all datasets). However, the FV
feature values are concentrated closer to 0 than VLAD feature
values, as shown in Fig. 2.

In Eq. 2, if n; > 0 (i.e., number of raw motion features
belonging to a code word is non-zero), it is rarely possible
that its corresponding entires in v will be zero. Thus, Table III
indicates that on average, more than 10% code words are
missing in any single video in most datasets—a fact that
carries useful side information for categorizing a video’s action
type.

A common VLAD practice is to encode a missing code
word as 0 € R%. However, this practice completely ignores the
useful side information. Let us take image classification as an
example. If a visual code word corresponds to tree leafs and
it does not appear in the VLAD representation of an image, it
will cause zero entries in the VLAD vector. These zero entries,
currently not useful for classification, are useful in ruling out
certain categories. Since leafs always appear in forests, this
image cannot belong to the forest category. Similarly, if
a visual code word corresponds to a jump action in action
recognition, zero entries corresponding to this specific visual
word indicates that a jump action is not an option for this
video. Thus, we need to find ways to utilize this useful side
information (zero entries).

2) Bimodality and Normality from power normalization:
If we ignore the tall bars at zero, the histograms after power
normalization in Fig. 2b clearly show bimodal distributions for
VLAD values. Although Fig. 2 only visualizes one dimension,
we observe the same phenomenon in all 10 other randomly
chosen VLAD dimensions in all datasets. The FV values show
different patterns in Fig. 2a. After power normalization, the
distribution of FV values still has one mode (i.e., unimodal).
Fig. 2 shows results for the UCF101 dataset, however, we
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Fig. 1. Normal probability plots of one dimension (7984-th) of all videos in the UCF sports dataset. Features are generated using FV, with K = 128 and
power normalization. (1a) uses root descriptors, but (1b) does not. Best if viewed in color.
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Fig. 2. Distribution of values in one dimension (13579-th) of all videos in the UCF101 dataset. Features are generated with K = 128 and power normalization.
(2a) uses FV, (2b) uses VLAD. In each subfigure, the top and bottom figures are generated without and with power normalization, respectively.

observe similar results for other datasets.

In the unimodal histograms, almost all values squeeze in
a small range around the zero point, meaning that the fea-
tures have small discriminative power, because a zero feature
value will have no effect to SVM classification. In other
words, most of the feature values will have no or very small
impact during classification. The bimodal distributions are
more discriminative because these very small feature values
are pushed away from the origin, hence will have larger
impact in classification. This phenomenon might explain why
the simple power normalization technique has significantly
improved action recognition results for VLAD.

We also noticed that the power normalization converted

highly peaked distributions into histograms that are more
spread out, in other words, more Gaussian like in the Fisher
Vector case. Tracing back to the discussions in Sec. IV-B, we
conjecture that power normalization helps FV by making its
unimodal distribution closer to the Gaussian distribution.

3) Scale = Importance?: One final important fact we
observe is that the scales of different dimensions in the FV
or VLAD vector are diverse. Fig. 3a shows the histograms of
maximum values of all VLAD dimension for the HMDBS51
dataset. It is clear that the scales of different dimensions vary
significantly.

A dimension with larger scale will (in practice) be more
important in classification than a dimension with smaller
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Fig. 3. Distribution of maximum values of all dimensions in the HMDBS1 dataset. Values are generated using Fisher Vectors, with K = 128, root descriptors,
and power normalization. (3a) shows the distributions of all FV dimensions, while (3b) shows only those dimensions correspond to the largest eigenvalue in

PCA.

scales. However, there is no evidence that dimension scale
variations are directly related to their importance levels for
categorizing actions. For example, we examined the scales of
only those dimensions corresponding to the eigenvector with
the largest eigenvalue, which is shown in Fig. 3b. This subset
is considered as containing the most information in PCA, but
the resulting histogram has similar shape and range as those
shown in Fig. 3a. In both figures, the values are concentrated
in the range [0.8 2] and both modes are around 1.3. Thus, we
believe that scale # importance, and it is a good practice to
remove the scale differences in different dimensions.

In short, based on careful analyses of VLAD’s data distribu-
tion properties and the maxent interpretation, we suggest the
following good practices:

o Use root descriptor if it can improve normality;

o Make good use of the side information (i.e., which code

words are missing in a video?);

« Take advantage of the bimodal distribution; and,

« Remove the scale differences.

V. BIMODAL ENCODING AND COMPRESSION

In this section, we propose three transformation methods
that incorporate various practices suggested in Sec. IV, and
empirically evaluate their performance. We show that what
we name as the bimodal encoding is the most effective in
experiments. We will also propose a combination of feature
selection and compression to handle large-scale datasets.

A. Encoding transformations

These encodings are all per-dimension transformations.
Suppose x a variable representing one dimension in FV or
VLAD (after power and ¢> normalization), we denote Z(> 0)
and z(< 0) as the maximum and minimum value of this
dimension observed in the training set, respectively. The
encoding transformations are defined as:

e Even-Scale. x is transformed as follows:
X

T 4 (18)

T—x

The new z has varying minimum and maximum values
in each dimension, but the difference between minimum
and maximum in each dimension is always 1. Note that
0 remain unchanged.

e Side-Info. x is transformed as follows:

r—x
€T < .

T—x

19)

Note that O will be transformed to % # 0, thus it is a
simple way to incorporate the side information. The new
range is [0 1] in all dimensions.

e Bimodal. x is transformed as follows:

ifx>0

if z <0.

/T
T (20)
x/x
This encoding handles the bimodality explicitly and fix
scales to 1 in both sides of 0. The new range is [—1 1].
Note that 0 remain unchanged.
All three transformations are very computational efficient. In
order to get the parameters = and z, we just need 1 comparison
and 1 assignment operation for each feature value z. In order
to apply the transformations, only 1 or 2 minus and 1 division
operation are needed for each z.

B. Comparison of encodings and with the state-of-the-art

Evaluation results for different encoding transformations are
presented in Table IV. The baselines for FV and VLAD are the
combined results row in Tables I and II, respectively.
Then, the three proposed transformations are applied and their
results listed as three rows in Table IV.

We observe different outcomes for FV and VLAD once
again, and different trends are observed for large and small
datasets. In detail,

e In the FV results, all three proposed simple transfor-
mations successfully improved over the results in the
none row. The improvements are consistent in the first
4 datasets, which are larger one (with more than 1000
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TABLE IV
ACCURACY OF DIFFERENT ENCODING CHOICES AND COMPARISON WITH
STATE-OF-THE-ART RESULTS. THE ROWS LABELED AS NONE ARE
BASELINE RESULTS FOR FV AND VLAD, WHICH ARE COPIED FROM THE
COMBINED RESULTS ROW IN TABLES I AND II, RESPECTIVELY.

FV results

UCF101 HMDBS51 | UCF50 Youtbue | UCF sports | Hollywood2 | Olympic sports
none 84.56 [57.21 [90.28 [90.82 [92.00 [62.71 |[91.37
even-scale | 85.357 [57.89190.967 [91.451(91.33] |54.06] |76.52]
side-info |84.791 |58.451|90.581 |91.187(92.671 |62.801 [91.08]
bimodal |85.177 |58.43190.941 [91.271]90.00) |57.41] |87.82]

VLAD results

UCFI101 HMDBS51 | UCF50 Youtbue | UCF sports | Hollywood2 | Olympic sports
none 84.10 |55.56 [89.86 [90.45 |92.67 |[59.41 |88.73
even-scale | 83.74] [56.031(89.86—191.097(92.67—[49.35] [86.01]
side-info |83.76) |[57.041|89.60] |90.18](92.00] |59.521 |88.72]
bimodal |84.137 |56.861|90.227 [91.361|92.67—|52.65] |86.96.

Previous state-of-the-art
[85.900:1[57.20:] 9120 [85.4101 [89.1161 [64.305 [91.1013)

training videos). However, in the rest three small datasets
(with fewer than 1000 training videos), these transforma-
tions mostly lead to lower accuracy. Results on small
datasets, however, are less reliable than those on large-
scale ones;

o In the VLAD results, the proposed transformations are
effective in half cases, but leads to worse results in
the other half. Similar to the FV results, they are more
effective in the larger datasets;

e Bimodal is the most effective transformation. It con-
sistently improves recognition accuracy in the 4 larger
datasets; and,

o Side-info and Even-scale are effective when FV is used,
but not for VLAD. However, Side-info improves VLAD’s
result on HMDB51 by 1.5%, which suggests that when
the recognition problem is difficult, it is still effective.
The fact that Even-scale is effective for FV also confirms
our observations: scale # importance.

We also compare the proposed simple transformations with
the state-of-the-art results in the literature, which forms the last
row in Table IV. The transformations achieved best results in
4 datasets. The best result of the proposed transformations is
only 0.55% worse in the UCF101 dataset, 0.24% worse in the
UCF50 dataset than the results in [27] and [13], respectively.
In the Hollywood2 dataset, it is 1.5% worse than the result
in [13]. However, we want to point out that: in addition to
the same ITF raw motion features, [13] also uses extra human
detection results to improve action recognition.

In short, on one hand the proposed transformations are
extremely simple and computationally inexpensive. On the
other hand, their recognition accuracy compare favorably with
state-of-the-art methods which require additional expensive
computations.

C. Compress high-dimensional vectors

FV and VLAD vectors are usually very high dimensional,
e.g., when K = 128(256), FV (VLAD) is around 51200
dimensions in this paper. When a large number of videos
are available (e.g., UCF101 with 13320 videos), memory

storage and CPU time requirements might make FV / VLAD
become too costly for practical use. Many feature compression
methods have been proposed to handle this problem (e.g.,
product quantization [15]) in the image categorization domain.

However, since there are far more images than videos,
we probably do not need a very large compression ratio
or sophisticated feature compression methods in the video
domain. Two encodings on top of bimodal can compress FV
or VLAD with satisfactory results:

. 1 >0
1-bit : x + , 201
-1 =<0
1 x> 0.5
. 0.5 0<x<05
2-bit: x . (22)
—05 —-05<z<0
-1 x < —0.5

They quantize a real-value into 2 and 4 discrete values (i.e.,
1 and 2 bits to store), respectively, corresponding to 32 and
16 times compression, because a £1oat requires 32 bits. The
1-bit encoding is the sign code in [42], and 2-bit is a simple
extension of 1-bit we propose in this paper.’

Recently, it is shown that for the Fisher Vector represen-
tation, we can select a subset of feature dimensions using
mutual information (MI) as the selection score, which is
not only much more efficient than compression methods,
but achieves higher image classification accuracy [23]. In
this section, we also show that for video action recognition,
the Ml-based feature selection is also efficient and effective.
The feature selection results with different selection ratios

42111 1yare shown in Table V.

In Table V, we use the bimodal transformation as the base-
line algorithm, whose results are same as the two rows labeled
as bimodal for FV and VLAD in Table V, respectively.
When FV is concerned, the MI-based feature selection strategy
almost consistently improves the baseline algorithm, although
they only use 50% to 80% of the original feature dimensions
in the baseline. These observations corroborates the statement
in [23] in the video recognition domain: many dimensions
in the FV representation are noise, and removing them will
even improve recognition accuracy. The Ml-based selection
strategy, however, is not as effective in the VLAD case.
Another observation is that similar to image classification [23],
when c reduces gradually to a small value (%, or choosing
only 6% of original dimensions), the recognition accuracy
degradation is also gradual (for both FV and VLAD).

Next we combine MI-based feature selection with 1- or 2-
bit compression. On top of the bimodal encoding, we fix the
feature selection ratio to % and then followed by the 2-bit
compression. These two steps results in an overall compression
ratio (= 2 x 1-). Similarly, if 1-bit is used, the overall
compression ratio is i. These results are also shown in
Table V.

The two parameter values (0.5 and 0.5) in Eq. 22 are chosen in an ad-hoc
manner. Since they work reasonably well in practice, we did not use more
sophisticated methods to adjust these parameters.
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TABLE V
ACCURACY OF FEATURE SELECTION AND 1- OR 2-BIT COMPRESSION
METHODS. ¢ MEANS THE SELECTION OR COMPRESSION RATIO. THE
BASELINES (BIMODAL) ARE THE TWO BIMODAL ROWS IN TABLE IV.

FV results
UCF101 HMDBS51 | UCF50 Youtbue UCEF sports | Hollywood2 [ Olympic sports

bimodal 85.17 |58.43 190.94 |91.27 |90.00 |57.41 |87.82

c=4/5 85.367|58.141|91.287|91.821 [89.33] |58.18T |88.76T
c=2/3 85.391(58.41,(91.141(91.821 |90.671 |57.751 |89.191
c=1/2 85.211(57.76,.|91.224(91.45+ [92.001 |57.63+ |88.831
c=1/4 84.131(57.121190.541190.45] |92.671 |56.36] |89.471
c=1/8 83.10/(54.27|89.48|89.00/ |90.00—|54.50] |88.791
c=1/16 81.05/|51.00/|88.10/|88.55] |88.67/ |52.80] |87.50)
1bit (¢ = 5)[86.141[58.631[91.601]90.73] [92.001 [54.29) [87.30]
2-bit (¢ = 57)|86.097|58.451|91.601|91.18] |92.671 |56.23] |87.75)

VLAD results
UCFI01 |HMDB51 |UCF50 | Youtbue  |UCF sports | Hollywood2 | Olympic sports

bimodal 84.13 |56.86 |90.22 |91.36 |92.67 |52.65 |86.96

c=4/5 84.091(56.38/190.367|91.36—|92.67—53.041 |87.571
c=2/3 83.931[55.711|90.361|91.45+ [92.00. [52.19] |88.241
c=1/2 83.26/54.77/(89.920(91.451 |91.33] |51.35] |87.401
c=1/4 81.58/(51.70/|88.78/|91.18] |92.67—|49.33] |86.81.
c=1/8 79.510|48.45][87.141[89.64] [91.33 |47.43] (8633,
c=1/16 76.531|45.10/|84.56|87.18] |89.33] [44.87] (86.21|
1bit (c = )[81.36.]51.921[88.241]88.36] [92.67—[48.03] [84.55]
2-bit (c = 57)|81.90|53.36/.|89.14,]89.45] |92.00]. |49.88] |86.56.

We observe that in the FV case, 2-bit usually achieves higher
or comparable accuracy than the original bimodal encoding.
It is worth noting that although in Table IV, bimodal is worse
than state-of-the-art in the UCF101 and UCF50 datasets, the
2-bit accuracy in Table V are in fact higher than them, in
spite of the fact that we only use 4% memory as the original
bimodal encoding! The 1-bit encoding compresses the vector
even shorter, and achieves comparable results as 2-bit.

In the VLAD case, feature selection and 1- or 2-bit com-
pression is not as effective as in the FV case. However, it is
clear that when storage is a serious issue, both strategies are
very useful to reduce storage requirements with only small
reduction in accuracy.

One more fact that is clear from Table V is that combining
1- or 2-bit compression with MI-based feature selection is
more effective than using feature selection along (e.g., by
comparing the row ¢ = 1/16 with the row 1-bit.)

Finally, based on the observations in this section, we suggest
the following good practices:

o Use the proposed transformations when Fisher Vector is
used; try them if VLAD is used. Given the fact that all
three transformations incur only negligible computational
costs and are very easy to implement, they are convenient
to apply;

o Bimodal encoding can be the default choice, which
usually gives the best result among the three proposed
transformation; and,

o Use the combination of Ml-based feature selection and
the 2-bit (or 1-bit) compression if FV is used. If VLAD
is used, use this combination if storage becomes an issue.

VI. CONCLUSIONS

In this paper, we focused on action recognition in videos
using two types of high dimensional representation (FV and

VLAD). Three lines of contributions were presented. First,
we empirically evaluated several improvement techniques to
FV and/or VLAD, including power normalization, root de-
scriptors, residue normalization, and spatio-temporal pyramid.
We also proposed a new average pooling strategy for VLAD.
Extensive evaluations on 7 video datasets ranging from small-
to large-scale lead to a few good practices for action recog-
nition in Sec. III. A new maxent interpretation for VLAD
was also proposed. This interpretation, together the scrutiny of
the distribution of FV or VLAD vectors, show that normality
and bimodality are essential for high recognition accuracy.
These analyses are beneficial for inventing better recognition
algorithms.

Second, based on the data distribution properties, we pro-
posed three very simple, yet efficient and effective transforma-
tion to further improve FV or VLAD. Our evaluations verify
that they can improve action recognition accuracy in medium
and large scale datasets, with only negligible computational
overhead.

Third, we proposed a combination of MI-based feature
selection and 2-bit (or 1-bit) compression to reduce the length
of a video representation to only 2%-4% of its original FV
or VLAD vector, yet achieving comparable or even higher
accuracy than using the original representation.

As a summary of our evaluations, proposals and findings,
we suggest the following good practices for action video
encoding:

e Use FV or VLAD instead of bag-of-features. Default
parameter could be K = 128 in FV and K = 256 in
VLAD. Use STP if the dataset size is not small;

o Use the proposed average pooling for VLAD. Always use
power normalization;

o Try residue normalization and root descriptors. If they are
useful, combine them with other techniques;

o Use the three proposed transformations, especially the
bimodal transformation;, and,

o Use the combination of 1- or 2-bit compression with the
MlI-based feature selection (c = % or 2), especially if the
dataset at hand is large-scale.

Some future research topics are already discussed. For
example, instead of using PCA for dimension reduction, we
want to find maximum entropy linear feature function, which
may improve the feature quality and consequently recognition
accuracy. The bimodal encoding does not use the side infor-
mation (z = 0), which can be further improved.

One promising future work is to include information from
multiple views [43], which is not currently utilized at all in
our framework. Beyond action recognition which work with
pre-segmented video clips, it is also very important to detect
actions in long videos [44], and the findings in this paper might
be useful for video action detection.
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