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Abstract—A new unified video analytics framework (ER3) is proposed for complex event retrieval, recognition and recounting, based

on the proposed video imprint representation, which exploits temporal correlations among image features across video frames. With

the video imprint representation, it is convenient to reverse map back to both temporal and spatial locations in video frames, allowing for

both key frame identification and key areas localization within each frame. In the proposed framework, a dedicated feature alignment

module is incorporated for redundancy removal across frames to produce the tensor representation, i.e., the video imprint.

Subsequently, the video imprint is individually fed into both a reasoning network and a feature aggregation module, for event

recognition/recounting and event retrieval tasks, respectively. Thanks to its attention mechanism inspired by the memory networks used

in language modeling, the proposed reasoning network is capable of simultaneous event category recognition and localization of the

key pieces of evidence for event recounting. In addition, the latent structure in our reasoning network highlights the areas of the video

imprint, which can be directly used for event recounting. With the event retrieval task, the compact video representation aggregated

from the video imprint contributes to better retrieval results than existing state-of-the-art methods.

Index Terms—Event videos, feature alignment, feature aggregation, reasoning network

Ç

1 INTRODUCTION

ANALYSIS of event videos is generally considered more
challenging than the related video-based action recog-

nition task [6], [41], thanks to the richer contents of such
event videos. Typical event videos are much longer (several
minutes or even hours) than trimmed action recognition
videos, and multiple human actions and a variety of differ-
ent objects often appear across various scenes. For example,
a “birthday party” event may take place at home or in a res-
taurant, with multiple objects coming into focus, e.g., a
birthday cake, and may include a variety of activities that
span multiple frames, e.g., singing the birthday song, or
blowing out candles.

In the last decade, analysis of complex events in videos
has attracted significant attention in the computer vision
community [5], [10], [13], [14], [22], [31], [38], [44], [49]. Previ-
ous research could be categorized as the unsupervised and
the supervised methods. Unsupervised methods were typi-
cally used for event retrieval [12], [38] where the goal is the
retrieval of all related videos semantically relevant to the
query video sample. On the other hand, supervised learning
has been widely used in event recognition [4], [7] and detec-
tion tasks [31], [57] in similar ways to its applications in

action recognition [6], [41], [61] and generic video classifica-
tion tasks [23], [56], [59]. In the latter case, a classifier is
trained on the annotated training set to recognize the event
categories of test videos, e.g., the multimedia event detection
task of the TRECVID [33]. In practical applications, it is often
desirable to provide explainable results by qualifying the cat-
egory predictionwith the localization of the key pieces of evi-
dence that lead to the recognition decision, which is
sometimes referred to as the event recounting.

A major challenge in event retrieval and event recognition
is the construction of appropriate video representations,
which should ideally be both discriminative for efficient dis-
ambiguation and compact for computational efficiency.
Conventionally, a video representation is a fixed-length
per-video global feature vector extracted from many frame-
level appearance features [12], [13], [38], [56], [57]. In a typi-
cal event recognition task, this video representation is fed
into a linear classifier [57] or a neural network [23], [56] for
classification. However, this procedure is generally incom-
patible with event recounting, as tracing the decision back
to individual frame locations is impossible due to the irre-
versible video representation (global feature) extraction.
Therefore, most existing methods perform event recounting
as an extra post-processing step [13], [29], [50].

To address these challenges, the ER3 framework is pro-
posed to simultaneously achieve event retrieval, recognition
and recounting. Fig. 1 illustrates the components and the
inputs/outputs of such ER3 system. In ER3, (i) we introduce
a feature alignment step which can significantly suppress
the redundant information and generate a more compre-
hensive and compact video representation called video
imprint. In addition, the video imprint also preserves the
local spatial layout among video frames. (ii) Based on the
video imprint, in unsupervised setting, we propose an effi-
cient aggregation method for large-scale event retrieval. In
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supervised setting, we further employ a reasoning network,
a modified version of the neural memory networks [43],
which can simultaneously recognize the event category and
locate the key pieces of evidence for the event category. In
fact, the recounting is so naturally integrated in the frame-
work that the experiments show that the recounting step
can assist the recognition task and improve the recognition
accuracy. (iii) In the recounting task, both temporal key
frame identification (attribution of the key frames with
respect to the event category, as in [29], [50]) and spatial key
areas localization (attribution of the key areas within each
frame) are implemented, thanks to the video imprint pre-
serving local semantic and spatial layouts.

This manuscript is an extension of our conference
paper [15] with modifications as follows. In the feature
alignment step, an alternative generative model (i.e., epit-
ome [25]) is included besides the the tessellated counting
grid (TCG) model [34], [35]. Both generative models share
the core idea of building condensed representation by
exploiting the spatial interdependence among the input
features. However, unlike the TCG model which is limited
to counts/histogram-style input features, the epitome
model is represented as structured Gaussian mixtures
which can accommodate general vector or tensor input
features. In addition, to accelerate the feature alignment
step with the epitome model, we propose an accelerated
two-step scheme to update the epitome. More details are
provided in Section 3.2. We also provide a comprehensive
comparison between the two generative models with vari-
ous datasets and tasks. The experimental results show
that the alternative epitome model achieves higher
computational efficiency with comparable results with the
TCG model.

The paper is organized as follows. Section 2 discusses
related work about event videos analysis. Then, we present
the technical details of the ER3 in Section 3. Experimental
results are provided in Section 4. Finally, we conclude the
paper in Section 5.

2 RELATED WORK

With a typical unsupervised event retrieval task, the goal is
the retrieval of all related videos semantically relevant to the
query video sample. A major challenge is the construction of
both compact and discriminative video representations.
Conventional methods [12], [37], [38] rely on frame-level
local features (e.g., SIFT [30]) and aggregation strategies
(e.g., Fisher Vector [36], [39], VLAD [12], [20], [21] or explicit
featuremaps [37]) for frame-level feature description. Recent
works [23], [57] predominantly employ deep Convolutional
Neural Network (CNNs) [18], [42] to extract a feature
descriptor from each video frame. Latest work [3] revisits
temporal match kernels [37] and presents a learnable tempo-
ral layer which can further enhance the CNNs based feature
descriptor. Subsequently, a video-level representation is typ-
ically obtained by directly averaging all frame-level descrip-
tors in the video. Such sum-aggregation strategy disregards
the strong temporal correlations among consecutive frames,
whichmay over-emphasize certain long or recurrent shots in
the video. We discuss this problem in Section 3 and show
that the redundant information among frames can be effec-
tively suppressed by the feature alignment step.

Event recognition and detection have attracted wide
attention in the last decade. In general, event video recogni-
tion system usually consists of three stages, i.e., feature
extraction, feature aggregation/pooling and training/recog-
nition. As in event retrieval, the first two stages aim at
building discriminative video representations. Previous
methods focused mostly on designing better video features
or representations for the classifier, such as hand-crafted
visual features [11], [30], motion features [51], [52], audio
features [2], and mid-level concept/attribute features [9],
[48]. Recently, the advancements of CNN [27], [42] lead to
promising results in event recognition task [23], [57], [60].
The video representations are usually constructed by direct
aggregation of the frame-level CNN features. Due to limited
amount of training data, video representations are typically
fed to classifiers such as the Support Vector Machine (SVM)
[8] or multi-feature fusion framework [23], [56], [60], [62].

Event recounting refers to the attribution of key pieces of
evidence supporting the recognition decision. As with most
video analytics datasets, only video-level annotations are
provided, making such attribution a challenging task. Event
recounting is usually implemented as a post-processing
step after the recognition [29], [50]. Chang et al. [9] proposed
a joint optimization framework with mid-level semantic
concept representations for event recognition and recount-
ing. Sun et al. [45] introduced an evidence localization
model learned via a max-margin framework, and Lai et al.
[28] applied Multiple-Instance Learning (MIL) which infers
temporal instance labels and the video-level labels. In these
works, event videos are treated as sets of shots or instances,
these recounting procedures perform only temporal locali-
zation and usually at a coarse scale. Recently, Gan et al. [13]
proposed a deep neural network for event recognition. Spe-
cifically, event recounting (both temporal and spatial) is
also achieved via passing the classification scores backward.
However, this is still an explanatory post-processing step
which is never designed to assist the event recognition task.

In contrast with these methods, at the core of our inte-
grated event recognition and recounting framework is a

Fig. 1. Illustration of the ER3 framework for event retrieval, recognition
and recounting. The compact video representation from feature aggre-
gation can be used for large-scale event retrieval. With supervised train-
ing, ER3 can also recognize the event category of the input video. Event
recounting falls directly out of the latent structure of the model in form of
statistics displayed as heat maps for each frame indicating key areas
related to the event.
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latent structure that contains reverse attribution pointers
back to the video frames. In addition, the proposed frame-
work is trained in an unsupervised manner by simulta-
neously aligning areas across frames and estimating a
probability distribution over frame features in the corre-
sponding areas. The obtained representation consists of a
grid of distributions with the corresponding mappings
from the feature to the frames, similar to the way video
frames are mapped to panoramas from pixel space (see the
toy examples in Figs. 1 and 3). The obtained grid and such
reverse mapping pointers (back to the spatial locations of
the specific video frames) form the proposed video imprint.

With this video imprint representation, it is possible to
design an aggregation to emphasize mere presence instead
of frequency of repetition.

Our experiments show that the proposed video imprint
aggregation yields better performances in both the super-
vised and unsupervised tasks than existing algorithms. The
video imprint also allows for the reasoning over the spatial
layouts of features across frames. Inspired by the attention
mechanism in memory networks [43] reasoning over sen-
tences in priming text and video face recognition [58], the
proposed reasoning network analyzes evidences at different
spatial locations of the compact video imprint while carry-
ing out the recognition task, which also highlights the key
areas of the imprint. These key areas of the imprint could
readily be mapped back to specific video frames and corre-
sponding spatial locations. In this way, event recounting is
implemented as an integral part of recognition instead of a
post-processing step.

3 THE DETAILS OF ER3

In this section, we present all modules and the operating
mechanism of the proposed ER3 framework, as illustrated
in Fig. 1.

3.1 Feature Extraction

Recently, image descriptors based on the activations of con-
volutional layers [17], [40], [60] have outperformed previous
methods [23], [60] based on features extracted from fully
connected layers. Inspired by the spatial information pre-
serving characteristics of convolutional layers outputs, we
also choose the activations of the last convolutional layer as
the frame-level feature.

3.2 Feature Alignment

Existing event recognition algorithms rely on a compact and
discriminative video representation, which is typically
direct average of the frame-level descriptors [12], [23], [57],
[60]. Such sum-aggregation strategy disregards the strong
temporal correlations among consecutive frames, which
may over-emphasize certain long or recurrent shots in the
video. Therefore, irrelevant and repetitive shots in the video
might dominate the obtained video representation. For
instance, in the event “Dominique Strauss-Kahn arrested”
as shown in Fig. 2, many video frames showing the news
anchor are irrelevant, but they are visually similar, therefore
the simple averaging aggregation strategy for video repre-
sentation may over-emphasize such irrelevant frames. To

Fig. 3. Illustration of tessellated counting grid (TCG) and epitome mod-
els, and their Bayesian networks. The left tensor block represents the
TCG with E ¼ 24� 24;W ¼ 8� 8;S ¼ 4� 4. The right tensor block rep-
resents the epitome with E ¼ 24� 24;W ¼ 8� 8. For TCG, the input
CNN feature maps are down-sampled to S ¼ 4� 4. In fact, the epitome
can be regarded as a special case of TCG when W ¼ S. For both TCG
and epitome, similar frames are usually represented in the same or
nearby windows, e.g., the anchor who we frequently see in the video.

Fig. 2. Illustration of the frames related to “Dominique Strauss-Kahn arrested”. The frames in green box denote the positive frames related to the
event. Red boxes show irrelevant frames.
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mitigate this problem, we propose the feature alignment
procedure to regularize the influence of frame features.

The idea of feature alignment is inspired by panoramic
stitching [46], [47], which can remove the redundant or
overlapping parts between multiple images. The redun-
dancy across video frames could likewise be significantly
reduced to improve the robustness of the obtained video
representation against long and/or repetitive irrelevant
video frames.

Due to the dynamic and complex nature of event videos,
it is impractical to directly stitch video frames by pixel-level
alignment. Instead, image features are extracted first using
the activations of the last convolutional layer with each
frame as input. Afterwards, the tessellated counting grid
[34], [35] or epitome model [25] is employed to generate a
tensor of frame-level feature distributions, which implies a
panorama-style reversible mapping, accommodating the
geometric variations in objects and scenes in event videos.
This model exploits the spatial interdependence of the
frame-level features in relevant frames, which makes possi-
ble the subsequent clustering of visually similar shots.

The inquisition for leveraging the epitome model [25] is
to accelerate the feature alignment step. Both the TCG and
the epitome can capture the spatial interdependence among
input features. However, the input features of the epitome
model can be more flexible, considering their Gaussian loca-
tion distribution instead of the discrete categorical distribu-
tion in the TCG. In addition, the incorporation of the
epitome model also allows us to propose a highly efficient
two-step implementation, which leads to approximately an
order of magnitude faster feature alignment procedure than
the counterpart in the TCG. In the remainder of this section,
mathematical notations are first summarized in Table 1, fol-
lowed by introductions of both generative models.1

3.2.1 Tessellated Counting Grid

Tessellated counting grid [34], [35] is designed to capture
the spatial interdependence among image features. Given a

set of images or a video sequence, it assumes that each
image/frame is represented by a set of l1�normalized non-
negative feature vectors (e.g., bags of visual words vectors)
fcsgs2S plugged in a tessellation S ¼ ½1; . . . ; Sx� � ½1; . . . ; Sy�.2

Formally, the counting grid ppi is a set of normalized
counts of features indexed by z 2 Z ¼ ½1 . . .Z� (dimension
of image feature) on the 2D discrete grid i ¼ ðix; iyÞ 2 E ¼
½1; . . . ; Ex� � ½1; . . . ; Ey�, where i denotes the location on the
grid and

P
z2Z pi;z ¼ 1 [26].

As a generative model, the image features fcsgs2S are
assumed to follow a distribution found in a window into
the counting grid. The probability of generating the image
features fcsgs2S from the window Wk ¼ ½kx; . . . ; kx þWx�
1� � ½ky; . . . ; ky þWy � 1� placed at the location k ¼ ðkx;
kyÞ 2 E of the grid is

pðfcsgs2Sjl ¼ kÞ ¼ g
Y
z2Z

Y
s2S

X
i2Ws

k

pi;z

0
@

1
A

csz

; (1)

where g is the normalization constant. l denotes the latent
variable, while i and k represent generic positions in the
grid E. Then, for a given counting grid pp, the joint distribu-
tion over the set of image features fcs;tgs2S;t2T, indexed by
t 2 T ¼ ½1 . . .T �, and their corresponding latent window
locations fltg in the grid can be derived as

P ðfcs;tgs2S;t2T; fltgt2TÞ /
Y
t2T

X
k2E

Y
z2Z

Y
s2S

X
i2Ws

k

pi;z

0
@

1
A

c
s;t
z

: (2)

The counting grid pp can be estimated by maximizing the
log likelihood of the joint distribution with an EM algorithm

E step : qðlt ¼ kÞ / exp
X
s2S

X
z2Z

cs;tz log
X
i2Ws

k

pi;z

0
@

1
A;

M step : pi;z / pold
i;z

X
t2T

X
s2S

cs;tz
X

kji2Ws
k

qðlt ¼ kÞP
i2Ws

k
pold
i;z

;

(3)

where qðlt ¼ kÞ denotes the posterior probability pðlt ¼
kjfcs;tgs2SÞ and pold

i;z denotes the counting grid at the previ-
ous iteration.

The iterative process of TCG jointly estimates the count-
ing grid (i.e., video imprint) pp and aligns all video frame fea-
tures to it with such correspondences captured in q.

3.2.2 Epitome

The original epitome model [25] takes raw pixels as input
and aims to mine the essence of the textural and shape
properties of the image. Formally, the epitome e is a set of
dependent Gaussian distributions fN ðff j;mmi; ss

2
i Þg aligned

on a grid i ¼ ðix; iyÞ 2 E ¼ ½1; . . . ; Ex� � ½1; . . . ; Ey� just like

TCG. In the original epitome formulation, ff j denotes the
intensity or the color of the pixel on the image patch F
indexed by j ¼ ðjx; jyÞ 2 W ¼ ½1; . . . ;Wx� � ½1; . . . ;Wy�. Here
we extend F to a general tensor (feature map), specifically,

TABLE 1
Principal Notations

ppi Parameters of the counting grid model. l1�normalized
counts feature at location i on the counting grid
E ¼ ½1 . . .Ex� � ½1 . . .Ey�

pi;z zth dimension of ppi and
P

z2Z pi;z ¼ 1, where
z 2 Z ¼ ½1; . . . ; Z�

ðmmi; ss
2
i Þ Parameters of the epitome model. The mean mmi and

variance ss2
i of the Gaussian distribution aligned at the

location i of the grid E
fcsgs2S Counts features plugged in a tessellation S, where

s 2 S ¼ ½1 . . .Sx� � ½1 . . .Sy�
F Tensor features, e.g., the activations from convolutional

layer of the CNNmodel
ff j The feature vector extracted from F along the spatial

dimensions, i.e., j 2 W ¼ ½1; . . . ;Wx� � ½1; . . . ;Wy�
Wk The window at the location k of the grid Ewhich assumed

to generate counts features fcsgs2S or tensor features F
Ws

k The sub-window in theWk generating each cs

l The latent variable that represents the mapping location in
the grid E

1. Comprehensive introductions to both the TCG and the epitome
models can be find in [25], [34], [35].

2. With l1�normalization and appropriate down-sampling, the fea-
ture maps (after ReLU) from the convolutional layer of CNN model
naturally satisfy this assumption.
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the activations from the last convolutional layer of a CNN
model. In other words, F is the CNN feature map and ff j is
the feature vector extracted from F along the spatial dimen-
sions, i.e., j 2 W.

Given the epitome e, the probability of generating the
feature map F from the windowWk at location k of the epit-
ome e is

pðFjl ¼ kÞ ¼ g
Y
i2Wk

N ff i�k;mmi; ss
2
i

� �
; (4)

where g is the normalization constant. N ff i�k;mmi; ss
2
i

� �
is a

Gaussian distribution over ff i�k with mean mmi and variance
ss2
i and i� k ¼ ðix � kx þ 1; iy � ky þ 1Þ. Similar to TCG, the

joint distribution over the set of feature maps fFtgt2T,
indexed by t, and their corresponding latent window loca-
tions fltgt2T on the epitome can be derived as

P ðfFtg; fltgÞ /
Y
t2T

X
k2E

Y
i2Wk

N ffti�k;mmi; ss
2
i

� �
: (5)

The parameters ðmm; ss2Þ are estimated by marginalizing
the joint distribution, i.e., optimizing the log likelihood of
the data with an iterative EM algorithm

E step : qðlt ¼ kÞ /
Y
i2Wk

N fft
i�k;mmi; ss

2
i

� �
;

M step : mmi ¼
P

t2T
P

k2Wi�W
qðlt ¼ kÞffti�kP

t2T
P

k2Wi�W
qðlt ¼ kÞ ;

ss2
i ¼

P
t2T

P
k2Wi�W

qðlt ¼ kÞðfft
i�k � mmiÞ2P

t2T
P

k2Wi�W
qðlt ¼ kÞ ;

(6)

where qðlt ¼ kÞ denotes the posterior probability pðlt ¼ kjFtÞ
and i�W ¼ ðix �Wx þ 1; iy �Wy þ 1Þ.

As presented above, both generative models (TCG and
epitome) build condensed representations by capturing the
spatial interdependence among input features. The epitome
model differs from the TCG in the location distributions
(Gaussian versus discrete categorical). Therefore, the input
features of the epitome can be more flexible. See Fig. 3 for the
illustration of the TCG and epitome.3 In addition, according
to Equation (6), the updating of the epitome parameters,
i.e., the M step, only depends on the current q distribution,
i.e., the current E step, and the input features. This motivates
us to propose an efficient two-step scheme to generate the
epitome based video imprint, i.e., we can first efficiently esti-
mate the final q distribution, and then calculate the epitome
based video imprint directly with Equation (6). The follow-
ing are the details of the efficient two-step implementation.

3.2.3 An Efficient Two-Step Scheme

Given a fixed epitome size E and window size W, the only
feasible way to accelerate the learning procedure of epitome
model is to reduce the dimension of the input feature maps
fFtgt2T. Although the low dimensional input features pro-

duced from fFtgt2T by dimension reduction are enough to

capture the correspondences among frames within a video,
it may also reduce the discriminative capacity of the epit-
ome based video imprint mm for large-scale video event anal-
ysis. Therefore, we propose an efficient two-step scheme
which divides the epitome based feature alignment opera-
tion into two steps: the correspondence analysis step and
the video imprint generation step.

At the first step, the low dimensional feature maps
fGtgt2T are generated by PCA [19] projection, G ¼ fPCAðFÞ,
where G 2 RWx�Wy�d; F 2 RWx�Wy�D and d � D. Then, the
epitome of fGtgt2T can be learned with

E step : q̂ðlt ¼ kÞ /
Y
i2Wk

N ggti�k; m̂mi; ŝs
2
i

� �
;

M step : m̂mi ¼
P

t2T
P

k2Wi�W
q̂ðlt ¼ kÞggti�kP

t2T
P

k2Wi�W
q̂ðlt ¼ kÞ ;

ŝs2
i ¼

P
t2T

P
k2Wi�W

q̂ðlt ¼ kÞðggti�k � m̂miÞ2P
t2T

P
k2Wi�W

q̂ðlt ¼ kÞ :

(7)

As an approximation of the q distribution, we found that q̂
can fully capture the correspondence of video frames
(see Fig. 5). In addition, since d � D, q̂ estimation with
Equation (7) achieves much higher efficiency.

At the second step, according to the M step of the
Equation (6), the updated parameters mm and ss2 only depend
on the set of input feature maps fFtgt2T and the q distribu-
tion from the last iteration of E step. Therefore, if we replace
q with its approximation q̂ from the first step, mm and ss2 can
be directly computed with

mmi ¼
P

t2T
P

k2Wi�W
q̂ðlt ¼ kÞfft

i�kP
t2T

P
k2Wi�W

q̂ðlt ¼ kÞ ;

ss2
i ¼

P
t2T

P
k2Wi�W

q̂ðlt ¼ kÞðfft
i�k � mmiÞ2P

t2T
P

k2Wi�W
q̂ðlt ¼ kÞ :

(8)

The computational complexity and performance of the effi-
cient two-step scheme will be discussed in Section 4. We shall
note that this fast implementation scheme is inapplicable to
TCG. It is difficult to transfer a high dimensional histogram
vector to a lowdimensional space.Most importantly, as shown
in Equation (3), the current ppi relies on both ppold

i and the q dis-
tribution at the previous iteration which makes the efficient
two-step scheme invalid for TCG. In practice, ŝs2

i is fixed as 0.1
to avoid overfitting during the EM iterations and only m is
taken as video imprint which has the same size with pp. The
efficient two-step scheme is summarized inAlgorithm 1.

Algorithm 1. The Efficient Two-Step Scheme

Input: the feature maps fftgt2T, epitome size E, window sizeW
Output: q̂, mm
1: for each t ¼ 1 . . . T do
2: Gt ¼ fPCAðFtÞ
3: end for
4: repeat
5: Update q̂ with the EM steps of Equation (7)
6: until Convergence
7: Compute mmwith Equation (8)
8: Return q̂, mm

3. For ease of illustration of the video imprint, we accumulate the
frames on the location with the maximum posterior probability
qðlt ¼ kÞ and draw the mean image.

3090 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 41, NO. 12, DECEMBER 2019



3.3 Feature Aggregation

In this section, we demonstrate how to aggregate the video
imprint into a compact video representation for unsuper-
vised event retrieval. We refer each ppi or mmi on the video
imprint as an imprint descriptor. As shown in Fig. 3, some
imprint descriptors are meaningless since no frames are
aligned to their locations. The first step is to generate an
active map for the video imprint to eliminate these mean-
ingless imprint descriptors. Formally, the binary active
map, A ¼ faiji 2 Eg; ai 2 f0; 1g, is computed as

ai ¼ 1 i 2 Wkj k :
PT

t¼1 qðlt ¼ kÞ > t
n o

0 otherwise
;

(
(9)

where t is the threshold of the active map.
After the active map is obtained, a direct sum-aggrega-

tion over the entire activated imprint descriptors is carried
out to produce the final video representation. Formally, the
aggregation step can be written as

TCG : fFAðpp;AÞ ¼
X
i2E

aippi;

Epitome : fFAðmm;AÞ ¼
X
i2E

aimmi:
(10)

The obtained fFA is subsequently l2-normalized and the
cosine similarity is computed for event retrieval.

3.4 Reasoning Over the Imprint

Once the imprint is obtained for each video, it makes rea-
soning based on this compact imprint representation possi-
ble, where each location corresponds to a recurring scene/
object part, with spatial layouts of imprint locations reflect-
ing the scene/object spatial layouts in video frames where
they were observed. We treat locations in the imprint in a
similar way to the sentences in memory networks [43], [53].
Our reasoning network determines the event category in
stages, which traverses attention from one set of imprint
locations to the next. In this process as illustrated in Fig. 4,
the imprint locations of large importance are highlighted,
and we also trace these highlights back to the locations in
video frames using the q=q̂ distributions as discussed above.

Our reasoning network differs from the memory net-
works in two ways. First, since there is no query question
for event recognition, we initialize the input vector u1 with
Equation (10), i.e., sum-aggregation of video imprint. Sec-
ond, because the spatial organization in the imprint is
meaningful, we incorporate an average spatial pooling layer
after the softmax layer to improve the smoothness of the
recounting results. The model details are as follows.

Memory Layers in the Reasoning Network. As shown in
Fig. 4, the video imprint (non-activated locations are
ignored) is processed via multiple memory layers (hops). In
each layer, the imprint descriptors ppi or mmi from video
imprint are first embedded to the output vector space and
memory vector space with embedding matrices B and M,
respectively

TCG : bbi ¼ Bppi; mmi ¼ Mppi;

Epitome : bbi ¼ Bmmi; mmi ¼ Mmmi;
(11)

where bbi denotes the output vector and mmi denotes memory
vector. The memory vector mmi is introduced to compute the
weights map P ¼ fpiji 2 Egwith the internal state uu

pi ¼ avgpooling softmax uu>mmi

� �� �
: (12)

The average pooling is performed with 3� 3 windows,
stride 1. The output vector o is then computed by a weighted
sum over the output vectors bi, i.e.,

oo ¼
X
i

pibbi: (13)

Fig. 4. Illustration of the reasoning network for event recognition and event recounting.

Fig. 5. The average running time of learning epitomes for EVVE dataset
with different d and the corresponding retrieval performance (mAP).
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For the internal state vector uu, the initial uu1 is obtained with
Equation (10), and the uukþ1 in kþ 1 layer can be computed by

uukþ1 ¼ uuk þ ook: (14)

The obtained output vector is fed into a decision network
for event categorization. The decision network can consist
of only a single softmax layer or multiple fully connected
layers. The recounting heat map4 (posterior probabilities
qðlt ¼ iÞ) of each frame shown in Fig. 4 is generated via the
sum of all weights maps, Psum ¼ P

k P
k. We use Psum

Wi
to

denote the weights map cropped from Psum in the window
Wi. Then the recounting map Rt of frame t is

Rt ¼
X
i2E

qðlt ¼ iÞPsum
Wi

: (15)

The importance score of each frame is obtained with the
sum of the recounting map.

4 EXPERIMENTS

4.1 Datasets and Evaluation Protocol

In terms of event retrieval, we validated our method on the
large-scale benchmark EVVE dataset [38]. It contains 2,995
videos (620 videos are set as queries) related to 13 specific
event classes. Given a single video of an event, the task is to
retrieve videos related to the same event from the dataset.
The methods are evaluated based on the mean AP (mAP)
computed per event. The overall performance is evaluated
by averaging the mAPs over the 13 events. In addition, a
large distractor dataset (100,000 vedios) is also provided to
evaluate the retrieval performance on large-scale data.

To evaluate the event recognition and recounting, we
used three datasets: EVVE, Columbia Consumer Videos
(CCV) [24] and TRECVID MEDTest 14 (MED14) [33].

In addition, we also configured the EVVE as a small rec-
ognition dataset with 13 events. For each event, we set the
query video as the test data (620 videos), and treat the
ground truth in the dataset as the training data. We report
the top-1 classification accuracy for performance evaluation.

The Columbia Consumer Videos dataset [24] contains
9,317 YouTube videos of 20 classes. We follow the protocol
defined in [24], with a training set of 4,659 videos and a test
set of 4,658 videos. The TRECVID MEDTest 14 (MED14)
[33] is one of the most challenging datasets for event recog-
nition containing 20 complex events. In the training section,
there are 100 positive exemplars per event, and all events
share negative exemplars with about 5,000 videos. The test
section contains approximately 23,000 videos.

For these two datasets, mAP is used as the evaluation
metric of event recognition according to the NIST standard
[33]. Since no ground truth is available for the recounting
task, we only provide a user study and qualitative analysis
for such results.

4.2 Implementation Details

Frame-Level Descriptor. Given an input video, we sample 5
frames per second (5 fps) to extract the CNN features. We

explore various pre-trained CNN models, including Alex-
Net [27], VGG [42] and ResNet-50 [18]. We adopt the output
from the last convolutional layer (after ReLU) of these mod-
els as the frame descriptors. The CNN feature maps are
down-sampled to 4� 4 with linear interpolation to fit the
TCG (we set S ¼4� 4 in TCG for computational efficiency).
For the epitome model, the feature maps are sampled to
8� 8 to fit the window size W. In addition, we also average
all the frame descriptors over the video (sum-aggregation),
as the baseline to evaluate our framework.

Post-Processing. For the baseline video representation, we
apply the same post-processing strategy as in [1], [16], i.e., the
representation vector of a video is first l2-normalized, and
then whitened using PCA [19] and l2-normalized again. For
the imprint descriptors on the video imprint, power normali-
zation (a ¼ 0:2) shows better results than l2-normalization
in our experiments. Therefore, after feature alignment, the
imprint descriptors are first power normalized, then PCA-
whitened and l2-normalized.

Re-Ranking Methods for Event Retrieval. For the event
retrieval task on the EVVE dataset, we also employ two var-
iants of query expansion method presented by Douze et al.
[12]: Average Query Expansion (AQE) and Difference of
Neighborhood (DoN). In our experiments, we set N1 ¼ 10
for AQE andN1 ¼ 10; N2 ¼ 2000 for DoN.

Training Details for the Reasoning Network. The reasoning
network (RNet) is trained with stochastic gradient descent
(SGD). The initial learning rate is b ¼ 0:025, which is then
annealed every 5 epochs by b=2 until 20 epochs are finished.
All weights are initialized randomly from a Gaussian distri-
bution with zero mean and s ¼ 0:05. The weights are shared
among different memory layers. The batch size is 128 and
the gradients with an l2 norm larger than 20 are rescaled to
norm 20 during the training step.

4.3 Complexity Analysis

The most time consuming step is constructing video imprint
for input videos. As shown in Fig. 5, the average running time
of TCG (with ResNet features) for EVVE (about 1,200 frames
per video) implemented on the GPU platform (K40 with
MATLAB parallel computing toolbox) is about 18 seconds. As
discussed in [34], [35], with efficient use of cumulative sums,
the computational complexity of learning TCG with the EM
algorithm grows atmost linearlywith the product of counting
grid size and the tessellation sectionsEx � Ey � Sx � Sy.

For the epitome, the computational complexity without
the efficient two-step scheme for D-dimensional input fea-
ture maps and EM iteration times n (n � 30) is OðnDÞ. With
the proposed efficient two-step scheme, the computational
complexity becomes OðndþDÞ. When d � D, the efficient
two-step scheme can significantly accelerate the learning
stage. Fig. 5 shows the average running time of learning
epitomes for the EVVE dataset with different d and the cor-
responding retrieval performance (mAP). When d ¼ 64,
without any performance losses, the efficient two-step
scheme achieves almost an order of magnitude speed-up.

4.4 Evaluation Results on Event Retrieval

4.4.1 Parameter Analysis

Threshold t of the Active Map. Fig. 6a shows the retrieval per-
formance with different threshold t used for the active map

4. More sophisticated recounting inferences can be implemented by
computing conditional heat maps based on individual memory layers
as we trace the reasoning engine through the layers.
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construction. We can observe that increasing t helps filter
out some very short shots (with small number of frames)
which are usually irrelevant. We set t ¼ 4 in the subsequent
experiments.

Grid Size E. To evaluate the influence of the grid size E of
the TCG and epitome models, we first fix the window size
(W ¼ 8� 8) of TCG, epitome, and tessellation size
(S ¼ 4� 4) of TCG. Subsequently, we choose 7 different
counting grid sizes to perform the feature alignment with
the epitome and TCG model, respectively. The performance
with regard to size choices is presented in Fig. 6b. No fur-
ther improvement can be obtained when Ex ¼ Ey > 24.
Therefore, the size of the grid is fixed at 24 for all following
experiments.

4.4.2 Comparison with Sum-Aggregation

We refer to our unsupervised flow (combining the feature
alignment and aggregation steps) on ER3 as counting grid
aggregation (CGA) for TCG based video imprint and epit-
ome aggregation (EPA) for epitome based video imprint.
Table 2 shows the retrieval performance compared with
baselines. We evaluate the CGA and EPA on two different
CNN models, AlexNet [27] and ResNet-50 [18]. Fig. 7 shows
the retrieval performance for each event class of EVVE data-
set. The IDs of events are the same with [38]. We can see that
the video representation based on ResNet-50 demonstrates
superior performance in most event categories compared
with AlexNet. And the proposed aggregation methods can
further boost the retrieval performance.

As shown in Table 2, compared with Sum-aggregation,
CGA and EPA both obtain better retrieval performance
with the benefits from feature alignment step that can sup-
press the redundancy among frames. In addition, consistent
improvement can be observed for different CNN models
(AlexNet and ResNet-50). After concatenating the video
representation vectors from these two CNN models, the
retrieval performance can be further improved, mAP ¼ 52:3
for CGA andmAP ¼ 52:1 for EPA.

4.4.3 Comparison with State-of-the-Arts

In Table 3, we can see that the sum-aggregation with CNN
features already outperforms previous work [12], [37], [38].
After merging with 100K distractors, the mAPs of CGA-(alex
+res) and EPA-(alex+res) achieve 42.9 and 43.9 respectively,
which are still better than the baseline (mAP ¼ 38:7) and pre-
vious work [12], [37], [38]. For fair comparison, we also reim-
plement previous aggregation methods (CTE, TMK and
SHP) based on the same CNN features with CGA and EPA.
Note that MMV is in fact the sum-aggregation based on the
multi-VLAD frame feature [38], which employs the same
aggregationmethodwith our baselinemethod.

As shown in Table 3, frame-level descriptors have a huge
impact on performance. CNN feature-based aggregation
methods achieve better retrieval performance than their
original handcrafted feature-based implementations. How-
ever, based on the same frame-level descriptors, our aggre-
gation methods still obtain better results compared with

Fig. 6. The influence of different (a) threshold t of active map and (b) grid
sizes E for Counting grid aggregation (CGA) and Epitome aggregation
(EPA). Alex and res denote two CNN models, i.e., AlexNet and ResNet.

TABLE 2
Comparison with Sum-Aggregation on

EVVE Dataset

Representation Dim. mAP

Sum-alex 256 38.3
Sum-res 1,024 46.6
Sum-(alex+res) 1,280 47.3

CGA-alex 256 42.6
CGA-res 1,024 51.2
CGA-(alex+res) 1,280 52.3

EPA-alex 256 41.5
EPA-res 1,024 51.6
EPA-(alex+res) 1,280 52.1

Sum-, CGA- and EPA- denote sum-aggregation, count-
ing grid aggregation, epitome aggregation, respectively.
alex and res denote two CNN models, AlexNet and
ResNet-50. For ResNet based representation, the vectors
dimension are reduced to 1024 with PCA-whitening.
(alex+res) denotes the concatenated vector.

Fig. 7. Retrieval performance (mAP) per event.
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existing methods. In addition, previous aggregation
methods usually lead to much higher dimension in the
video representation (which may reduce the efficiency of
the retrieval task). Based on the initial retrieval results,
the query expansion can further boost the performance.
We achieve 8.5 and 8.9 percent improvement compared
with previous result (mAP ¼ 55:4 for SHP [12] combined
with CNN feature) and the baseline (mAP ¼ 55:2) on the
EVVE dataset, respectively. Consistent improvement is
also observed with query expansion on the large dataset
(EVVE+100K).

4.5 Evaluation Results on Event Recognition

4.5.1 Parameter Analysis

Structure of the Reasoning Network. For the EVVE dataset, we
set a softmax layer as the decision network. The video
imprint is generated based on the ResNet-50 [18] model and

its imprint descriptors are first reduced to 256 dimension
with PCA-whitening before being fed to the reasoning
network (RNet). For the CCV and MED14 datasets, we
add a fully connected layer in front of the softmax layer as
the decision network for better performance. Besides the
ResNet-50 model, we also evaluate the framework with
VGG (16 layers) [42] model on these two datasets. The
dimension of the imprint descriptors is set to 1024 and 512
for ResNet-50 and VGG, respectively. For all the datasets,
the internal vectors bbi and mmi have the same dimensions
with the input imprint descriptors.

Number of Memory Layers. Fig. 8 illustrates the influence
of RNet with increased hops on the EVVE dataset. To make
a fair comparison, we employ the same decision network as
classifier for the baselines and the output from RNet. We

TABLE 3
Retrieval Performance Compared with Other Methods

EVVE EVVE+100K

Method Dim. no QE AQE DoN no QE AQE DoN

MMV [38] 512 33.4 – – 22.0 – –
CTE [38] – 35.2 – – 20.2 – –
MMV+CTE [38] – 37.6 – – 25.4 – –
TMK [37] 66,560 33.5 36.1 41.3 25.4 – 34.7
SHP [12] 16,384 36.3 38.9 44.0 26.5 30.1 33.1

CTE-(alex+res) – 44.7 – – 40.1 – –
TMK-(alex+res) 42,240 46.7 51.8 53.0 40.9 48.4 48.0
SHP-(alex+res) 40,960 48.7 54.0 55.4 41.5 48.7 48.9
Sum-(alex+res) 1,280 47.3 53.1 55.2 38.7 45.8 47.1

CGA-(alex+res) 1,280 52.3 58.5 60.1 42.9 50.4 52.7
EPA-(alex+res) 1,280 52.1 59.3 59.9 43.9 53.2 53.8

AQE and DoN denote the two Re-ranking methods.

Fig. 8. The influence of RNet with increased hops on EVVE dataset. Best viewed in color.

TABLE 4
Comparison with Sum-Aggregation and CGA/EPA

Method vgg res (vgg+res)

C
C
V

Sum- 74.3 75.3 78.1
CGA- 75.7 76.6 79.1
EPA- 75.2 76.7 78.3

CG-RNet- 76.7 78.5 79.9
EP-RNet- 75.8 78.2 79.0

M
E
D
14

Sum- 26.0 30.4 32.8
CGA- 30.5 32.2 33.7
EPA- 31.2 32.4 34.4

CG-RNet- 32.8 34.2 36.9
EP-RNet- 32.6 34.3 36.3

Sum-, CGA- and EPA- denote sum-aggregation, counting grid
aggregation and epitome aggregation, respectively. RNet- denote the
reasoning network. vgg and res denote two CNN model, VGG and
ResNet-50. (vgg+res) denotes the later fusion result.
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compare with two representations, one is the video repre-
sentation with sum-aggregation, and the other is either the
counting grid aggregation (CGA) or the epitome aggrega-
tion (EPA) which depends on the feature alignment step. In
fact, if we fix the value of the weights map equal to the
active map, the RNet will reduce to the CGA or EPA, i.e.,
the unsupervised flow in Fig. 1. We can see that CGA/EPA

provides better performance than sum-aggregation, and the
RNet can further refine the video representation and lead to
better recognition accuracy than the two baselines. In addi-
tion, the gain is also increased with more hops. Consistent
gains are observed on both CCV and MED14 datasets. We
set the hops ¼ 3 in the following experiments on the CCV
and MED14 datasets.

TABLE 5
Comparison with Other Methods

Method mAP Recounting

C
C
V

Lai et al. [28] 43.6 @
Jiang et al. [24] 59.5 �
Wu et al. [54] 70.6 �

Nagel et al. [32] 71.7 �
Wu et al. [55] 84.9 �

CG-RNet-(vgg+res) 79.9 @
EP-RNet-(vgg+res) 79.0 @

MA+CG-RNet-(vgg+res) 87.1 @
MA+EP-RNet-(vgg+res) 86.8 @

M
E
D
14

IDT [33], [52] 27.6 �
Gan et al. [13] 33.3 @
Xu et al. [57] 36.8 �
Zha et al. [60] 38.7 �

CG-RNet-(vgg+res) 36.9 @
EP-RNet-(vgg+res) 36.3 @

IDT+CG-RNet-(vgg+res) 40.2 @
IDT+EP-RNet-(vgg+res) 39.8 @

MA+CG/EP-RNet-(vgg+res) denote the results fused with audio and motion
information using adaptive fusion method [55]. IDT+CG/EP-RNet-(vgg+res)
denote the results fused with improved dense trajectories [52].

Fig. 9. Influence of the average pooling layer in RNet. The middle column
shows the recounting map of RNet. The right column shows the recount-
ing map with avg-pooling layer removed. Best viewed in color.

Fig. 10. The statistical results of user study. The average percentage of
key frames belong to Bad, OK and Good are shown with different color
bar. Best viewed in color.

Fig. 11. Examples of the key frames for user study. Each blue box con-
tains the key frames proposed from a test video with three strategies,
i.e., random selection, recounting results based on TCG or epitome.
Each strategy proposes four key frames to represent the video. the
scores ranked by the users are shown with different color boxes, red for
Bad, yellow for OK and green for Good. Best viewed in color.
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4.5.2 Performance on CCV and MED14

Table 4 shows the recognition performance (mAP) of RNet
and baselinemethods.With the benefit from re-weighting the
video imprint, the RNet achieves better results on both CCV
(mAP = 79:9=79:0) and MED14 (mAP = 36:9=36:3) datasets
comparedwith sum-aggregation and CGA/EPA. In addition,
on the CCV dataset, we also employ the same strategy as [55]
to combine motion and audio features with our appearance-
based representation. As shown in Table 5, the fusion stra-
tegy further boosts the recognition performance (mAP =
87:1=86:8). On MED14 dataset, the proposed method sets a
new performance record (mAP = 40.2) after fusing motion
features (IDT) in a similarway to [60], with the additional con-
venience of simultaneously providing recounting results.

4.6 Evaluation Results on Event Recounting

Influence of Average Pooling. In contrast to the original mem-
ory networks [43], we add an average pooling layer inside
the memory layer, which takes advantage of the spatial
organization of the information in the video imprint. Fig. 9
demonstrates the influence of adding the average pooling
layer. We can see that the recounting maps are smoother
and more reasonable, especially for TCG based video
imprint. In addition, with benefits from finer resolution of
input feature maps, the epitome based video imprint can
hold more spatial information, and the recounting results
are more reasonable than TCG based video imprint.

User Study. The evaluation of event recounting is not easy
since there is no ground truth information. To assess the
quality of our recounting results, we randomly sample 200
videos from 620 test videos of the EVVE dataset for user
study. First, for each test video, we sample 4 key frames
either randomly or based on the importance score from the
recounting map R (3 groups in total: randomly selected,
based on important scores from TCG or Epitome). Then, we
invited 50 users to score the key frames with {Bad, OK,
Good} based on the relevance with the labeled event. Here,
Badmeans that the selected frame is irrelevant with its event
label, i.e., users cannot recognize the event category by the
selected frame. OK means that users can identify the event
category by the selected frame with reasonable amount of
guesswork. Good means that the event category can be iden-
tified beyond doubt by the selected frame and users are
highly confident with the judgment.

The statistical results are shown in Fig. 10. It presents the
average percentage of key frames belong to Bad, OK or
Good, respectively. Compared with random selection, the
key frames proposed with recounting map are more likely
to be relevant with the corresponding event, the percentage
of bad proposals is reduced from 39 to 26 percent. Note that
epitome based recounting results are slightly better than
TCG due to richer spatial information. Fig. 11 shows the
examples of key frames for user study. Each blue box con-
tains a test video represented by 4 key frames. The key
frames are proposed with three strategies, i.e., random

Fig. 12. Examples of event recounting results. We use heat map to indicate the recounting map. The key areas related to the event in each frame is
painted with red color. The importance score which is computed by the sum of recounting map is shown with color bar (red for important frames)
upon the video frame flow. Best viewed in color.
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selection, recounting based on TCG or epitome. The scores
ranked by the users are shown with different color boxes.

Recounting Map. Fig. 12 illustrates some examples of the
recounting results. The heat map is used to visualize the
recounting map (the map is rescaled to the same size with
the frame). Since no ground truth recounting is available,
we can only provide some examples as shown in Fig. 12.
We can see that our recounting process can not only provide
the importance score of each frame, but also indicate the
most relevant areas inside each frame. However, due to the
coarse resolution of the input feature maps, the spatial-level
recounting results are also very coarse. Nevertheless, the
recounting heat map may be used as a good prior for other
post-processing methods, e.g., object segmentation.

5 CONCLUSION

In this paper, we propose an efficient and effective event
retrieval, recognition and recounting framework (ER3),
based on our proposed video imprint representation. In the
proposed framework, a dedicated feature alignment mod-
ule is incorporated for redundancy removal across frames
to produce the compact intermediate tensor representation,
i.e., the video imprint. Subsequently, the video imprint is
processed by a reasoning network for event recognition/
recounting, and by a feature aggregation module for event
retrieval. Thanks to the attention mechanism inspired by
the memory networks in language modeling, the proposed
reasoning network is capable of simultaneous event recog-
nition and event recounting. With the event retrieval task,
the compact video representation aggregated from the
video imprint contributes to better retrieval results.

ACKNOWLEDGMENTS

This work was supported partly by National Key R&D Pro-
gram of China Grant 2017YFA0700800, National Natural
Science Foundation of China Grants 61629301, 61773312,
91748208, and 61503296, China Postdoctoral Science Foun-
dation Grants 2017T100752 and 2015M572563.

REFERENCES

[1] A. Babenko and V. Lempitsky, “Aggregating local deep features
for image retrieval,” in Proc. IEEE Int. Conf. Comput. Vis., 2015,
pp. 1269–1277.

[2] M. Baillie and J. M. Jose, “Audio-based event detection for sports
video,” in Proc. Int. Conf. Image Video Retrieval, 2003, pp. 300–309.

[3] L. Baraldi, M. Douze, R. Cucchiara, and H. J�egou, “LAMV: Learn-
ing to align and match videos with kernelized temporal layers,” in
Proc. IEEEConf. Comput. Vis. Pattern Recognit., 2018, pp. 7804–7813.

[4] S. Bhattacharya, M. M. Kalayeh, R. Sukthankar, and M. Shah,
“Recognition of complex events: Exploiting temporal dynamics
between underlying concepts,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2014, pp. 2235–2242.

[5] H. Bilen, B. Fernando, E. Gavves, and A. Vedaldi, “Action recog-
nition with dynamic image networks,” IEEE Trans. Pattern Anal.
Mach. Intell., 2017. doi: 10.1109/TPAMI.2017.2769085

[6] F. Caba Heilbron, V. Escorcia, B. Ghanem, and J. Carlos Niebles,
“ActivityNet: A large-scale video benchmark for human activity
understanding,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2015, pp. 961–970.

[7] L. Cao, Y. Mu, A. Natsev, S.-F. Chang, G. Hua, and J. R. Smith,
“Scene aligned pooling for complex video recognition,” in Proc.
Eur. Conf. Comput. Vis., 2012, pp. 688–701.

[8] C.-C. Chang and C.-J. Lin, “LIBSVM: A library for support vector
machines,” ACM Trans. Intell. Syst. Technol., vol. 2, no. 3, 2011,
Art. no. 27.

[9] X. Chang, Y.-L. Yu, Y. Yang, and A. G. Hauptmann, “Searching
persuasively: Joint event detection and evidence recounting with
limited supervision,” in Proc. ACM Int. Conf. Multimedia, 2015,
pp. 581–590.

[10] X. Chang, Y.-L. Yu, Y. Yang, and E. P. Xing, “Semantic pooling for
complex event analysis in untrimmed videos,” IEEE Trans. Pattern
Anal. Mach. Intell., vol. 39, no. 8, pp. 1617–1632, Aug. 2017.

[11] N. Dalal and B. Triggs, “Histograms of oriented gradients for
human detection,” in Proc. IEEE Conf. Comput. Vis. Pattern Recog-
nit., 2005, pp. 886–893.

[12] M. Douze, J. Revaud, C. Schmid, and H. J�egou, “Stable hyper-
pooling and query expansion for event detection,” in Proc. IEEE
Int. Conf. Comput. Vis., 2013, pp. 1825–1832.

[13] C. Gan, N. Wang, Y. Yang, D.-Y. Yeung, and A. G. Hauptmann,
“DevNet: A deep event network for multimedia event detection
and evidence recounting,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2015, pp. 2568–2577.

[14] C. Gan, T. Yao, K. Yang, Y. Yang, and T. Mei, “You lead, we
exceed: Labor-free video concept learning by jointly exploiting
web videos and images,” in Proc. IEEE Conf. Comput. Vis. Pattern
Recognit., 2016, pp. 923–932.

[15] Z. Gao, G. Hua, D. Zhang, N. Jojic, L. Wang, J. Xue, and N. Zheng,
“ER3: A unified framework for event retrieval, recognition and
recounting,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit.,
2017, pp. 2253–2262.

[16] Z. Gao, J. Xue, W. Zhou, S. Pang, and Q. Tian, “Democratic diffu-
sion aggregation for image retrieval,” IEEE Trans. Multimedia,
vol. 18, no. 8, pp. 1661–1674, Aug. 2016.

[17] Y. Gong, L. Wang, R. Guo, and S. Lazebnik, “Multi-scale orderless
pooling of deep convolutional activation features,” in Proc. Eur.
Conf. Comput. Vis., 2014, pp. 392–407.

[18] K. He, X. Zhang, S. Ren, and J. Sun, “Deep residual learning for
image recognition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recog-
nit., 2016, pp. 770–778.

[19] H. J�egou and O. Chum, “Negative evidences and co-occurences in
image retrieval: The benefit of PCA and whitening,” in Proc. Eur.
Conf. Comput. Vis., 2012, pp. 774–787.

[20] H. J�egou, M. Douze, C. Schmid, and P. P�erez, “Aggregating local
descriptors into a compact image representation,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recognit., 2010, pp. 3304–3311.

[21] H. Jegou, F. Perronnin, M. Douze, J. S�anchez, P. Perez, and
C. Schmid, “Aggregating local image descriptors into compact
codes,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 34, no. 9,
pp. 1704–1716, Sep. 2012.

[22] Y.-G. Jiang, S. Bhattacharya, S.-F. Chang, and M. Shah, “High-
level event recognition in unconstrained videos,” Int. J. Multimedia
Inf. Retrieval, vol. 2, no. 2, pp. 73–101, 2013.

[23] Y.-G. Jiang, Z. Wu, J. Wang, X. Xue, and S.-F. Chang, “Exploiting
feature and class relationships in video categorization with regu-
larized deep neural networks,” IEEE Trans. Pattern Anal. Mach.
Intell., vol. 40, no. 2, pp. 352–364, Feb. 2018.

[24] Y.-G. Jiang, G. Ye, S.-F. Chang, D. Ellis, and A. C. Loui,
“Consumer video understanding: A benchmark database and an
evaluation of human and machine performance,” in Proc. Int.
Conf. Multimedia Retrieval, 2011, pp. 29–37.

[25] N. Jojic, B. J. Frey, and A. Kannan, “Epitomic analysis of appear-
ance and shape,” in Proc. IEEE Int. Conf. Comput. Vis., 2003,
pp. 34–41.

[26] N. Jojic and A. Perina, “Multidimensional counting grids: Infer-
ring word order from disordered bags of words,” in Proc. Conf.
Uncertainty Artif. Intell., 2011, pp. 547–556.

[27] A. Krizhevsky, I. Sutskever, and G. E. Hinton, “ImageNet classifi-
cation with deep convolutional neural networks,” in Proc. Conf.
Neural Inf. Process. Syst., 2012, pp. 1097–1105.

[28] K.-T. Lai, X. Y. Felix, M.-S. Chen, and S.-F. Chang, “Video event
detection by inferring temporal instance labels,” in Proc. IEEE
Conf. Comput. Vis. Pattern Recognit., 2014, pp. 2251–2258.

[29] K.-T. Lai, D. Liu, M.-S. Chen, and S.-F. Chang, “Recognizing com-
plex events in videos by learning key static-dynamic evidences,”
in Proc. Eur. Conf. Comput. Vis., 2014, pp. 675–688.

[30] D. G. Lowe, “Distinctive image features from scale-invariant key-
points,” Int. J. Comput. Vis., vol. 60, no. 2, pp. 91–110, 2004.

[31] Z. Ma, Y. Yang, Z. Xu, S. Yan, N. Sebe, and A. G. Hauptmann,
“Complex event detection via multi-source video attributes,” in
Proc. IEEEConf. Comput. Vis. Pattern Recognit., 2013, pp. 2627–2633.

[32] M. Nagel, T. Mensink, C. G. Snoek et al. “Event fisher vectors:
Robust encoding visual diversity of visual streams,” in Proc. Brit.
Mach. Vis. Conf., 2015, pp. 6–18.

GAO ETAL.: VIDEO IMPRINT 3097

http://dx.doi.org/doi: 10.1109/TPAMI.2017.2769085


[33] P. Over, J. Fiscus, G. Sanders, D. Joy, M. Michel, G. Awad,
A. Smeaton, W. Kraaij, and G. Qu�enot, “TRECVID 2014–an over-
view of the goals, tasks, data, evaluationmechanisms andmetrics,”
in Proc. Text Retrieval Conf. Video Retrieval Eval., 2014, pp. 52–74.

[34] A. Perina and N. Jojic, “Image analysis by counting on a grid,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2011, pp. 1985–
1992.

[35] A. Perina and N. Jojic, “Capturing spatial interdependence in
image features: The counting grid, an epitomic representation for
bags of features,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 37,
no. 12, pp. 2374–2387, Dec. 2015.

[36] F. Perronnin and D. Larlus, “Fisher vectors meet neural networks:
A hybrid classification architecture,” in Proc. IEEE Conf. Comput.
Vis. Pattern Recognit., 2015, pp. 3743–3752.

[37] S. Poullot, S. Tsukatani, A. Phuong Nguyen, H. J�egou, and
S. Satoh, “Temporal matching kernel with explicit feature maps,”
in Proc. ACM Int. Conf. Multimedia, 2015, pp. 381–390.

[38] J. Revaud, M. Douze, C. Schmid, and H. J�egou, “Event retrieval in
large video collections with circulant temporal encoding,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2013, pp. 2459–2466.

[39] J. S�anchez, F. Perronnin, T. Mensink, and J. Verbeek, “Image clas-
sification with the fisher vector: Theory and practice,” Int. J. Com-
put. Vis., vol. 105, no. 3, pp. 222–245, 2013.

[40] A. Sharif Razavian, H. Azizpour, J. Sullivan, and S. Carlsson,
“CNN features off-the-shelf: An astounding baseline for recog-
nition,” in Proc. IEEE Conf. Comput. Vis. Pattern Recognit. Work-
shops, 2014, pp. 806–813.

[41] K. Simonyan and A. Zisserman, “Two-stream convolutional net-
works for action recognition in videos,” in Proc. Conf. Neural Inf.
Process. Syst., 2014, pp. 568–576.

[42] K. Simonyan and A. Zisserman, “Very deep convolutional net-
works for large-scale image recognition,” arXiv:1409.1556, 2014.

[43] S. Sukhbaatar, J. Weston, R. Fergus et al. “End-to-end memory
networks,” in Proc. Conf. Neural Inf. Process. Syst., 2015, pp. 2440–
2448.

[44] C. Sun and R. Nevatia, “ACTIVE: Activity concept transitions in
video event classification,” in Proc. IEEE Int. Conf. Comput. Vis.,
2013, pp. 913–920.

[45] C. Sun and R. Nevatia, “DISCOVER: Discovering important seg-
ments for classification of video events and recounting,” in Proc.
IEEE Conf. Comput. Vis. Pattern Recognit., 2014, pp. 2569–2576.

[46] R. Szeliski, “Image alignment and stitching: A tutorial,” Found.
Trends� Comput. Graph. Vis., vol. 2, no. 1, pp. 1–104, 2006.

[47] R. Szeliski and H.-Y. Shum, “Creating full view panoramic image
mosaics and environment maps,” in Proc. Conf. Comput. Graph.
Interactive Techn., 1997, pp. 251–258.

[48] L. Torresani, M. Szummer, and A. Fitzgibbon, “Efficient object cat-
egory recognition using classemes,” in Proc. Eur. Conf. Comput.
Vis., 2010, pp. 776–789.

[49] D. Tran, J. Yuan, andD. Forsyth, “Video event detection: From sub-
volume localization to spatiotemporal path search,” IEEE Trans.
Pattern Anal. Mach. Intell., vol. 36, no. 2, pp. 404–416, Feb. 2014.

[50] C.-Y. Tsai, M. L. Alexander, N. Okwara, and J. R. Kender, “Highly
efficient multimedia event recounting from user semantic prefer-
ences,” in Proc. Int. Conf. Multimedia Retrieval, 2014, pp. 419–427.

[51] H. Wang, A. Kl€aser, C. Schmid, and C.-L. Liu, “Action recognition
by dense trajectories,” in Proc. IEEE Conf. Comput. Vis. Pattern Rec-
ognit., 2011, pp. 3169–3176.

[52] H. Wang and C. Schmid, “Action recognition with improved
trajectories,” in Proc. IEEE Int. Conf. Comput. Vis., 2013, pp. 3551–
3558.

[53] J. Weston, A. Bordes, S. Chopra, A. M. Rush, B. van Merri€enboer,
A. Joulin, and T.Mikolov, “TowardsAI-complete question answer-
ing: A set of prerequisite toy tasks,” in Proc. Int. Conf. Learn.
Representations, 2016.

[54] Z. Wu, Y.-G. Jiang, J. Wang, J. Pu, and X. Xue, “Exploring inter-
feature and inter-class relationships with deep neural networks
for video classification,” in Proc. ACM Int. Conf. Multimedia, 2014,
pp. 167–176.

[55] Z. Wu, Y.-G. Jiang, X. Wang, H. Ye, and X. Xue, “Multi-stream
multi-class fusion of deep networks for video classification,” in
Proc. ACM Int. Conf. Multimedia, 2016, pp. 791–800.

[56] Z. Wu, X. Wang, Y.-G. Jiang, H. Ye, and X. Xue, “Modeling spatial-
temporal clues in a hybrid deep learning framework for video clas-
sification,” in Proc. ACM Int. Conf.Multimedia, 2015, pp. 461–470.

[57] Z. Xu, Y. Yang, and A. G. Hauptmann, “A discriminative CNN
video representation for event detection,” in Proc. IEEE Conf. Com-
put. Vis. Pattern Recognit., 2015, pp. 1798–1807.

[58] J. Yang, P. Ren, D. Zhang, D. Chen, F. Wen, H. Li, and G. Hua,
“Neural aggregation networks for video face recognition,” in Proc.
IEEEConf. Comput. Vis. Pattern Recognit., 2017, pp. 2492–2495.

[59] J. Yue-Hei Ng, M. Hausknecht, S. Vijayanarasimhan, O. Vinyals,
R. Monga, and G. Toderici, “Beyond short snippets: Deep net-
works for video classification,” in Proc. IEEE Conf. Comput. Vis.
Pattern Recognit., 2015, pp. 4694–4702.

[60] S. Zha, F. Luisier,W.Andrews, N. Srivastava, and R. Salakhutdinov,
“Exploiting image-trained CNN architectures for unconstrained
video classification,” in Proc. Brit.Mach. Vis. Conf., 2015, pp. 60–73.

[61] P. Zhang, C. Lan, J. Xing, W. Zeng, J. Xue, and N. Zheng, “View
adaptive recurrent neural networks for high performance human
action recognition from skeleton data,” in Proc. IEEE Int. Conf.
Comput. Vis., 2017, pp. 2117–2126.

[62] Q. Zhang and G. Hua, “Multi-view visual recognition of imperfect
testing data,” in Proc. ACM Int. Conf. Multimedia, 2015, pp. 561–
570.

Zhanning Gao received the BS degree in auto-
matic control engineering from Xi’an Jiaotong
University, Xi’an, China, in 2012. He is currently
working toward the PhD degree in the Institute of
Artificial Intelligence and Robtics, Xi’an Jiaotong
University. He was a research intern in Visual
Computing Group, Microsoft Research Asia from
2015 to 2017. His research interests include com-
pact image/video representation, large scale con-
tent based multimedia retrieval, and complex
event video analysis.

Le Wang (M’14) received the BS and PhD
degrees in control science and engineering from
Xi’an Jiaotong University, in 2008 and 2014,
respectively. From 2013 to 2014, he was a visiting
PhD student with Stevens Institute of Technology.
From 2016 to 2017, he is a visiting scholar with
Northwestern University. He is currently an asso-
ciate professor with the Institute of Artificial Intelli-
gence and Robotics, Xi’an Jiaotong University.
His research interests include computer vision,
machine learning, and their application for web

images and videos. He is the author of more than 20 peer reviewed pub-
lications in prestigious international journals and conferences. He is a
member of the IEEE.

Nebojsa Jojic received the PhD degree from the
University of Illinois at Urbana-Champaign, in
2001, where he received a Microsoft Fellowship,
in 1999 and a Robert T. Chien Excellence in
Research award, in 2000. He has been a
researcher with Microsoft Research in Redmond,
Washington, since 2000. He has published more
than 100 papers in the areas of computer vision,
machine learning, signal processing, computer
graphics, and computational biology.

Zhenxing Niu received the PhD degree in control
science and engineering from Xidian University,
Xi’an, China, in 2012. From 2013 to 2014, he was
a visiting scholar with the University of Texas at
San Antonio, Texas. He is a researcher with Ali-
baba Group, Hangzhou, China. Before joining Ali-
baba Group, he is an associate professor of the
School of Electronic Engineering, Xidian Univer-
sity, Xi’an, China. His research interests include
computer vision, machine learning, and their
application in object discovery and localization.

He served as PC member of CVPR, ICCV, and ACM Multimedia. He is a
member of the IEEE.

3098 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 41, NO. 12, DECEMBER 2019



Nanning Zheng (SM’94-F’06) received the grad-
uate degree from the Department of Electrical
Engineering, Xi’an Jiaotong University (XJTU), in
1975, the ME degree in information and control
engineering from Xi’an Jiaotong University, in
1981, and the PhD degree in electrical engineer-
ing from Keio University, in 1985. He is currently a
professor and the director with the Institute of
Artificial Intelligence and Robotics of Xi’an Jiao-
tong University. His research interests include
computer vision, pattern recognition, computa-

tional intelligence, and hardware implementation of intelligent systems.
Since 2000, he has been the Chinese representative on the Governing
Board of the International Association for Pattern Recognition. He
became a member of the Chinese Academy Engineering, in 1999. He is
a fellow of the IEEE.

GangHua (M’03-SM’11)was enrolled in theSpecial
Class for the Gifted Young of Xi’an Jiaotong Univer-
sity (XJTU), in 1994, and received the BS degree in
automatic control engineering from XJTU, in 1999,
the MS degree in control science and engineering
fromXJTU, in 2002, and thePhDdegree in electrical
engineering and computer science from Northwest-
ern University, in 2006. He is currently a principle
researcher/research manager with Microsoft Res-
earch. Before that, he was an associate professor of
computer science with the Stevens Institute of Tech-

nology. He also held an academic advisor position with IBM T. J. Watson
Research Center between 2011 and 2014. He was a research staff member
with IBM Research T. J. Watson Center from 2010 to 2011, a senior
researcher with Nokia Research Center, Hollywood from 2009 to 2010, and
a scientist with Microsoft Live Labs Research from 2006 to 2009. He is cur-
rently an associate editor in chief of the Computer Vision and Image Under-
standing, and associate editor of the International Journal of Computer
Vision, the IEEE Transactions on Image Processing, the IEEE Transactions
on Circuits and Systems for Video Technology, the IEEE Multimedia, and
the Journal of Machine Vision and Applications. He also served as the lead
guest editor on two special issues in the IEEETransactions onPatternAnaly-
sis and Machine Intelligence and the International Journal of Computer
Vision, respectively. He is a program chair of CVPR’2019&2022. He is an
area chair of CVPR’2015&2017, ICCV’2011&2017, ICIP’2012&2013&2016,
ICASSP’2012&2013, and ACM MM 2011&2012&2015&2017. He is the
author of more than 150 peer reviewed publications in prestigious interna-
tional journals and conferences. He holds 19 issued US patents and has 20
more US patents pending. He is the recipient of the 2015 IAPR Young Bio-
metrics Investigator Award for his contribution on Unconstrained Face Rec-
ognition from Images and Videos, and a recipient of the 2013 Google
Research Faculty Award. He is an IAPR fellow, an ACM distinguished scien-
tist, and a senior member of the IEEE.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/publications/dlib.

GAO ETAL.: VIDEO IMPRINT 3099



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


