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First- And Third-Person Video Co-Analysis By

Learning Spatial-Temporal Joint Attention

Huangyue Yu™, Minjie Cai*, Yunfei Liu*, and Feng Lu™, Member, IEEE

Abstract—Recent years have witnessed a tremendous increase of first-person videos captured by wearable devices. Such videos
record information from different perspectives than the traditional third-person view, and thus show a wide range of potential usages.
However, techniques for analyzing videos from different views can be fundamentally different, not to mention co-analyzing on both
views to explore the shared information. In this paper, we take the challenge of cross-view video co-analysis and deliver a novel
learning-based method. At the core of our method is the notion of “joint attention”, indicating the shared attention regions that link the
corresponding views, and eventually guide the shared representation learning across views. To this end, we propose a multi-branch
deep network, which extracts cross-view joint attention and shared representation from static frames with spatial constraints, in a self-
supervised and simultaneous manner. In addition, by incorporating the temporal transition model of the joint attention, we obtain
spatial-temporal joint attention that can robustly capture the essential information extending through time. Our method outperforms the
state-of-the-art on the standard cross-view video matching tasks on public datasets. Furthermore, we demonstrate how the learnt joint
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information can benefit various applications through a set of qualitative and quantitative experiments.

Index Terms—Egocentric perception, joint attention, shared representation, first-person video, third-person video, co-analysis, deep learning

1 INTRODUCTION

ITH the improvement of photography and populariza-

tion of cameras, a tremendous number of videos have
been shot. Thus, video analysis, a technique used for auto-
matically exploiting and comprehending the video contents,
has attracted attention in both computer vision and machine
learning field. This technique can be widely applied in vari-
ous areas, for instance, object detection, action recognition,
video surveillance, and robotics et al.

Among all the real-world videos, most of them are third-
person videos, meaning that they are captured from a third-
person viewpoint by the camera not associated with any
person or object in the video. This type of video is the most
common one in our daily lives. However, different from the
third-person videos, the first-person videos can be captured
by wearable cameras and see the visual scenes from the
first-person perspective which is inherently human-centric.
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Although the first-person videos are still a minority, its
rapid growth in quantity has attracted increasing attention
from both industry and academia [1], [2], [3].

In the literature, a large number of techniques have been pro-
posed to analyze the third-person videos, while the others focus
on the first-person videos. Since the first- and third-person vid-
eos can capture the same scene from different perspectives, it is
natural to further analyze them jointly. However, there exists
few research investigating this problem. Very recently, Sigurds-
son ef al. [4] attempted to align video frames from first- and
third-person domains by learning a joint embedding, which
produces first-person video representations and third-person
video representations in the same space. In this manner, the
method of [4] learns a shared representation between these two
viewpoints. This work has demonstrated the benefit of linking
the two views. However, its performance in finding the correct
corresponding regions is still unsatisfactory. To the best of our
knowledge, exploring joint information from both views,
although interesting and useful, remains a challenge.

The major difficulty lies in that different viewpoints pro-
duce quite different appearances, scales and locations of the
same scene and target, e.g., the visual area in the first-person
image only corresponds to a small and deformed part of
that in the third-person view. Therefore, it is ineffective to
learn the shared representation of the two views’ frames
directly as in [4]. Instead, we need to model and extract a
more fundamental relationship between the two views and
then use it to guide the shared representation learning. This
enlightens our idea in this research.

Following the above discussion, in this paper, we pro-
pose to learn the shared representation from the first-person
and third-person views more effectively and robustly. Our
key idea is to learn the “joint attention” across different
views (as shown in Fig. 1), which plays an important role in
the extraction of shared representation between the two
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(b) Predicting shared ROAs with spatial-temporal constraints

Fig. 1. The motivation of this work. (a) First- and third-person videos are
captured simultaneously by a wearable camera and a remote camera.
Joint attentions are defined as the corresponding attention regions
(Shared Regions of Attentions, Shared ROAs) across two viewpoints,
where ROA-3 indicates the ROA in third-person video and ROA-1 indi-
cates that in first-person video. (b) The goal of this work is to find the joint
attention regions automatically from two views by utilizing the spatial-
temporal constraints on ROAs. The joint attention helps extract shared
representations between two views, which benefits a range of first/third/
mixed view-based applications.

views. To be more specific, we define the region of attention
(ROA) in both the first- and the third-person views, and
make the assumption that the shared representation, which
effectively associates the knowledge from the two views,
should be extracted based on the joint attention regions
(shared ROAs). In this manner, our shared representation
can be learned on the basis of physically meaningful shared
ROAs rather than the original cross-view video frames.

In order to extract the joint attention regions from two
views and learn the shared representation subsequently, we
propose a novel learning framework based on Convolu-
tional Neural Networks (CNNs), namely Joint Attention
Network (JANet). It uses video frames from the first- and
third-person views as input and incorporates self-super-
vised attention learning to extract shared ROAs without
explicit annotations. In particular, channel attention vectors
of the two views’ frames are first generated, which are
enforced to be similar to obtain the shared ROAs. Finally,
shared representations between the two views are learned
via a triplet loss to enforce that the feature representations
extracted from shared ROAs of corresponding frames are
close to each other, and vice versa.

Extended from the JANet, we further propose the Tem-
poral Joint Attention Network (T-JANet) with extra supervi-
sion of temporal information. This is considered a major
difference and improvement compared to an early confer-
ence version of this work [5]. The T-JANet models and uti-
lizes the temporal transition of ROAs in the video as a
constraint to learn a spatial-temporal joint attention, which
shows a significant improvement in accuracy. In particular,
after extracting the channel attention vectors from two
views, a specific temporal constraint is proposed as the
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extension of self-supervised attention learning module to
handle the temporal transition of shared ROAs. In this man-
ner, the T-JANet becomes capable of modeling and learning
the joint attention temporally. By fusing the final features
through time, the method obtains the shared representa-
tions under both spatial and temporal constraints.

The advantages of our methods have been demonstrated
via the standard cross-view video matching tasks in [4]. In
addition, we apply the joint attention as well as the shared
representation learned by our methods to various applica-
tions, including gaze prediction, cross-view image co-segmen-
tation, video summarization, and zero-shot action recognition.
We show promising results both quantitatively and qualita-
tively in these applications, which indicates that our method
is not only effective but also versatile. The extracted joint atten-
tion and shared representation can be flexibly applied to han-
dle different tasks to boost the performance.

Overall, our major contributions are as follows:

e We introduce the joint attention, based on which the
shared representation between the first- and third-
person videos can be learned more effectively and
robustly.

e We propose a new multi-branch deep network for
joint attention learning and shared representation
learning, based on a self-supervised attention learn-
ing architecture. The network extracts important fea-
tures from cross-view videos effectively.

e  We model the temporal transition of ROAs by learn-
ing with temporal constraint, based on which the joint
attention can be explored spatially and temporally.

e Comprehensive experiments on large-scale bench-
mark datasets for two cross-view video matching
tasks demonstrate the effectiveness of our proposed
method as well as the key contributions in the pro-
posed framework.

e Additional experiments are also presented to show
that our method can be used as a fundamental tool
to benefit various related applications.

2 RELATED WORKS

2.1 Co-analysis of First- and Third-Person Videos
Recent studies of modeling between first- and third-person
videos have been often conducted on paired videos of these
two domains [4], [6], [7], [8], [9], [10]. Yonetani et al. [6] pro-
posed a novel face detection approach by matching camera
and head motion of the same person from first- and third-
person perspectives. Ardeshir and Borji et al. [7] matched a
set of first-person videos to a set of characters (first-person
camera wearers) in a top-view surveillance video using
graph matching. Fan et al. [8] studied a similar problem by
learning a joint feature embedding space from first- and
third-person videos with a two-stream semi-Siamese net-
work. Unlike [8], which requires bounding boxes ground-
truth, Xu et al. [9] simultaneously segmented and matched
the first-person camera wearers in third-person videos.
Moreover, in recent years, some large-scale datasets, such
as EGTEA Gaze+ [11], EgoSum+gaze [12], Charades-Ego [4]
and EPIC-Kitchens [13], have been proposed to address
tasks related to first-person videos.
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While the above works assumed that the paired first- and
third-person videos were synchronized, we propose an
approach to temporally match individual video frames
between these two domains. The most related work to ours
is that of Sigurdsson et al. [4], which learned a joint embed-
ding space between matched first- and third-person video
frames. Different from [4], we propose to learn joint atten-
tion in both videos for more accurate matching.

2.2 Attention Models for Image and Video Analysis
Detecting and understanding the attention regions in
images and videos have been an emerging research field in
computer vision and multimedia processing these years.
Attention model has shown its efficiency in various vision
tasks such as person re-identification [14], [15], [16], [17],
image captioning [18], [19], [20], pose estimation [21], [22],
[23] and image classification [24], [25]. In 1998, Itti et al. [26]
constructed a primary visual attention model using a bot-
tom-up architecture. After that, various attention models
with different architectures are inspired: Wang et al. [27]
proposed a non-local blocks operation, which is related to
the self-attention method. In [28], an interaction-aware
attention network was presented to construct a spatial fea-
ture pyramid for obtaining more accurate attention maps by
multi-scale information. Woo et al. [29] made an extension
of squeeze-and-excitation module [30], and presented a
Convolutional Block Attention Module (CBAM). Jun et al.
[31] introduced visual attention into image segmentation,
which then achieved better performance through their long-
range context relationships.

Different from the previous works, we use data from dif-
ferent viewpoints to jointly learn the shared ROAs from vid-
eos. The shared ROAs will primarily focus on the joint
attention regions from different viewpoints.

2.3 Representation Learning Among Viewpoints
Existing research on cross-view representation learning usu-
ally adopts deep metric learning with siamese (triplet) archi-
tectures [32], [33] or proposes an encoder-decoder framework
with generative adversarial networks [34], [35]. Regmi et al.
[34] addressed the novel problems of cross-view image syn-
thesis, aerial-to-ground view and vice versa, by using condi-
tional generative adversarial networks to learn shared
representation. Hu et al. [32] used a triplet loss incorporating a
CVM-Net for ground-to-aerial geolocalization.

In this paper, the notion of “joint attention” is to be devel-
oped, which holds the view that the shared representation
among cross-views should correspond to the joint attention
regions. We construct a self-supervised attention learning
architecture to extract the joint attention regions from cross-
views.

2.4 Video Analysis Using Temporal Information

Temporal analysis is capable of examining and modeling the
behavior over time. Jeffrey et al. [36] conceived and first pro-
posed a Simple Reccurent Network (SRN), which was a specific
version of the back propagation neural network and accessible
to process of sequential input and output. SRN is ground-
breaking for many cognitive scientists and psycholinguists,
since it has been particularly useful in time series prediction,

6633

such as language understanding. Long Short Term Memory
(LSTM) network, proposed by Sepp Hochreiter et al. [37], was
an extended Recurrent Neural Network (RNN). Its unique
design enables LSTM to handle and predict the important
issues with long intervals and even delay in the time sequence.
It has been widely used in handwriting recognition, speech rec-
ognition and machine translation. In the same year, Bidirec-
tional RNN (BRNN) was proposed by Mike et al. [38]. It could
be trained simultaneously in positive and negative time direc-
tions. Today, the notion of “sequence to sequence” [39] based
on encode-decoder structure impacts significantly on the field
of machine translation and machine understanding. Many
research works have been devoted to modeling the temporal
structure in various applications [40], [41], [42], [43], [44], [45].

In general, the above methods directly operated on
frames with RNNSs. It is still non-trivial for these methods to
learn from the informative regions despite that the videos
contain much redundant and irrelevant information. Our
method differs from these end-to-end temporal networks in
learning the transition of ROA, which enables efficient and
accurate learning.

3 KEY IDEA: JOINT ATTENTION GUIDED
REPRESENTATION LEARNING

The key idea of this work is the learning of joint attention
across different views, which plays an important role in the
extraction of shared feature representation for the first- and
third-person video co-analysis. In this section, we analyze
the challenges in cross-view video co-analysis and intro-
duce the motivation behind our proposed method.

3.1 Joint Attention in Shared Representation
Learning

Given videos of both first- and third-person viewpoints, our
goal is to learn a shared representation that benefits video
(co-) analysis and allows knowledge transfer or knowledge
fusion for various tasks. This can be done by embedding
visual data from two videos in a shared space, which how-
ever is quite complicated. The fundamental difference in
viewpoints makes the shared representation learning much
more problematic.

The exemplified case in Fig. 1b illustrates that a third-
person video captures the full view of a person while a first-
person video only focuses on the local region centering
around the person’s hand. We observe that the correspond-
ing regions in the two views, i.e., the hands and the object
being manipulated, occupy a large area in the first-person
view but a very small area in the third-person view. In addi-
tion, due to different viewpoints, the appearances of these
regions can vary significantly. This is, in face, a common
case in most first- and third-person video data. As a result
of such serious misalignment between the corresponding
image regions, the embedment for shared representation
among views becomes more challenging.

To address such difficulty, we propose to locate corre-
sponding regions across views. To this end, we introduce a
novel concept of joint attention. This can be illustrated in
Fig. 2a, where joint attention can be denoted by the shared
Regions Of Attention (ROAs) that align the same regions in
both views with different scales and orientations. The
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(a) Shared ROAs

(b) Comparing ROA and ROI

Fig. 2. lllustration of the proposed joint attention in the form of shared
Regions Of Attention (ROAs). (a) The shared ROAs can locate the same
hand regions in both the first- and third-person video frames. This is of
great importance for the subsequent shared representation learning. (b)
The shared ROAs can be quite different from traditional ROI (Region Of
Interest) since they must be in consensus across views.

shared ROAs are expected to capture the most informative
regions across views. The shared ROAs are in consensus
across views, different from the traditional ROI (Region Of
Interest) considering only the visually interesting region in
a single view (Fig. 2b).

The joint attention introduced above is the core idea of our
method. It can locate the corresponding regions that reflect
the same and most important area across views, thus solving
the misalignment problem and allowing shared representa-
tion learning. Technical details are provided in the
“Attention-guided feature extraction” part of Section 4.2.

3.2 Self-Supervised Joint Attention Learning
Although the incorporation of attention mechanism might
help obtain the shared representation between first- and
third-person videos, identifying the regions of attention is a
nontrivial task. Traditional saliency-based models tend to
locate the region of interest (ROI) that is attractive to human
perception [46] but not necessarily corresponds to the infor-
mative region (ROAs) shared by the two views.

In order to identify the corresponding regions, we pro-
pose a self-supervised learning technique that explores the
ROAs in different views without using explicit ground truth
data. Our assumption is that, the appearances of the shared
ROAs, although may vary in scale and orientation, corre-
spond to the same target or event in the scene. Following
this assumption, the localization of ROAs can be well con-
strained by enforcing a semantic consistency between the
candidate ROAs in the two views. Technical details of self-
supervised learning are provided in the “Self-supervised
joint attention learning” part of Section 4.2.

3.3 Simultaneous Learning of Joint Attention and
Shared Representation
As explained in Section 3.1, joint attention is devoted to
learning the shared representation between the first- and
third-person videos. Meanwhile, the learned shared repre-
sentation provides high-level features for the shared ROAs,
which can naturally ensure the semantic consistency con-
straint for the self-supervised learning of joint attention, as
explained in Section 3.2. In other words, the learning of joint
attention and shared representation mutually benefit.
Therefore, we propose a simultaneous learning strategy
for obtaining joint attention and shared representation. The
following two constraints are applied: 1) the extracted
ROAs are semantically consistent between corresponding

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. 45, NO. 6, JUNE 2023

(a) ROA misalignment

< completely
missing

(b) ROA out-of-view

\%

0} Predicted ROA ROA transition

Fig. 3. Temporal constraints are proposed to solve the following prob-
lems. (a) ROA misalignment: the ROA of the third frame of the first-per-
son video is inconsistent with its adjacent frames. (b) ROA out-of-view:
the ROAs of the third/fourth frames of the first-person video are
completely/partially missing.

videos, and 2) feature representations are close between cor-
responding videos and distant between non-corresponding
videos. Technical details of simultaneous learning are pro-
vided in subsection “Shared representation learning” of
Section 4.2.

3.4 Learning With Temporal Constraint

By now, we have described our strategy of learning joint
attention and shared representation simultaneously in the
first- and third-person videos. However, the current strat-
egy only processes video frames at certain time-points sepa-
rately. Consequently, unexpected failure might appear in
the following cases.

o ROA Misalignment. The separately predicted ROAs
may not be consistently accurate. As shown in
Fig. 3a, the joint attention region should fall on the
toy area. However, in the third frame, the ROA pre-
dicted for the first-person view has changed to a dif-
ferent area with similar appearance, which is even
more obvious by checking its previous/next frames.
This causes ROA misalignment temporarily.

o ROA Out-of-View. An individual frame may not con-
tain the correct ROA when it is occasionally out of
view. As a result, the desired ROA can be partially
or entirely missing in the frame. As shown in Fig. 3b,
the ROA is completely missing in the third frame of
the first-person view, and is partially missing in the
fourth frame.

Neither of the problems, which are in fact related to tem-

poral consistency and information loss, can be easily
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Fig. 4. Comparison of different shared representation learning strategies. (a) AONet [4] learns the shared representation by extracting features
directly from CNNs. (b) Our JANet extracts joint attention to guide the shared representation learning. The two learning processes benefit each other
simultaneously. (c) Our T-JANet further adopts RNNs to learn the joint attention/shared representation with temporal constraint.

addressed only in the spatial domain. To solve these prob-
lems, we propose to further utilize the temporal information
which is adherently provided by the videos. By using con-
straints with previous and subsequent frames, we are able
to ensure temporal consistency and handle the information
loss to a certain degree. Technical details of incorporating
temporal constraints in our method are given in Section 4.4.

4 METHODOLOGY

4.1 Overview

In this paper, we aim to learn a shared representation for co-
analyzing the first- and third-person videos. In contrast
with the previous works that learned a shared representa-
tion directly from videos, we incorporate attention mecha-
nism into the representation learning framework. We
propose a self-supervised joint attention learning module to
predict spatial-temporal joint attention regions for shared
representation learning, based on the assumption that
shared representation should correspond to the joint atten-
tion regions from videos of different viewpoints.

In particular, [4] proposed an ActorObserverNet (AONet)
to learn the cross-view shared representation by comparing
the videos from two perspectives directly. The solution pipe-
line is shown in Fig. 4a. Inspired by [4], two shared represen-
tation learning strategies are proposed in this paper, which
are summarized as follows:

o JointAttentionNet (JANet). Demonstrated in Fig. 4b.
At first, basic features are generated from video
frames of different viewpoints by a standard CNN.
Then, instead of directly comparing the CNN-based
features from two viewpoints, a novel joint attention
learning module is proposed to predict ROA for
each viewpoint. Finally, the predicted ROAs are
used as guidance to filter the CNN-based features
for learning shared representation.

o  Temporal-JointAttentionNet (T-JANet). Demonstrated
in Fig. 4c. As the extension of JANet, we adopt
RNNSs to explore temporal transition of joint atten-
tion and learn share representation temporally.

4.2 Architecture of JANet

The architecture of our proposed JANet is presented in
Fig. 5, which is mainly composed by three modules:

o Attention-guided feature extraction module. Designed
for shared representation learning (Section 3.1).

o  Self-supervised  joint attention learning  module.
Designed for joint attention learning (Section 3.2).

o  Shared representation learning module. Designed for
simultaneous learning (Section 3.3).

Attention-Guided Feature Extraction. This module focuses
on extracting discriminative features for shared representa-
tion learning, which is guided by the learned attention. In
brief, the module consists of a backbone CNN model for
extracting feature maps (F7,FY, F7?) for a triple of input
frames (z,y, z) and an attention model for generating chan-
nel attention vectors which represent relative importance of
different channels (i.e., semantic information) of the feature
maps.

To generate channel attention vectors, we follow the
same setting of the channel attention module in [29] and
convolutional block attention module [30]. The network for
generating channel attention vectors is composed by two
global pooling layers and one multi-layer perceptron
(MLP). It takes feature maps (F?, F¥, F?) from the backbone
CNN model as input and outputs 1D channel attention vec-
tors (MY MY M?) , where F,c R M, eR>!, ¢
denotes the number of channels and (h, w) denotes the spa-
tial size of feature maps. The original feature maps
(Fr,FY,F?) are then augmented by the generated channel
attention vectors and the final feature representations
(F¥' FY F*) are defined as F. =M.(F.) @ F., where ®
denotes element-wise multiplication. Noted that while the
parameters of the backbone CNN model for extracting fea-
ture maps are shared by different viewpoints, the parame-
ters of the attention model are learned separately. This is
because 1) the video appearance is different for different
views and 2) it is difficult to estimate attention with the
same network.

Self-Supervised Joint Attention Learning. In this module, we
aim to learn joint attention regions between first- and third-
person videos which focus on the same action recorded
from two viewpoints. We develop a self-supervised learn-
ing approach by enforcing the semantic consistency
between ROAs of corresponding video frames. The inputs
are the pairs of channel attention vectors (M;,M?) gener-
ated from a first-person video frame and the corresponding
third-person video frame. We compare the two vectors with
a L2-based distance metric which enforces similarity
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Fig. 5. The architecture of our JANet. Given a triple of frames (z,y, z) as input, the attention-guided representation module is developed to extract
channel attention vectors (M?, M?, M?) and feature representations (F*', F¥’, F*') from the intermediate feature maps (F?, FY, F?). The joint atten-
tion learning module encourages similarity of channel attention vectors between a third-person frame MY and the corresponding first-person frame
M; . The shared representation learning module explores the common information between two viewpoints to obtain the shared representation. The

attention model is represented by “AM”. We conduct the weighted average on feature maps F. based on the channel attention vectors M, to generate

spatial attention maps. The visualizations are obtained by overlapping the spatial attention maps with original frames and are shown on the right.

between channel attention vectors of corresponding frames
and thus guarantees the semantic consistency of ROAs
between first- and third-person videos.

Shared Representation Learning. In this module, we learn
shared representation between first- and third-person vid-
eos based on the feature representations (F*', F¥', F?') that
are filtered by the predicted attention at the previous stage.
We adopt a triplet loss to enforce that the feature represen-
tations of corresponding frames (x and y) are close to each
other, and vice versa.

4.3 Loss Function of JANet
Here we describe the objective function used to train JANet.
The objective function consists of two loss functions:

o Attention loss. It is designed for joint attention learning
(Section 3.2).
e Triplet loss. It is designed for simultaneous learning
(Section 3.3).
Attention loss is denoted as L 4. (x,y), which enforces sim-
ilarity between channel attention vectors of the correspond-
ing first- and third-person video frames. It is formulated as:

Lac(z,y) = M — M| M

27

where ||-||, denotes the L2 norm.
Triplet loss is denoted as Lz (x, y, z), which enforces simi-
larity between corresponding feature representations F*/
and FY, and penalizes similarity between non-correspond-
ing feature representations F¥' and F'. It is formulated as:
|Fe'-FY

el [

l7e £

L (x,y,2) = — (2)
e lly — ellF=F"]],

Following [4], we compute a normalized weight for all
sampled frames of the same video in order to assign impor-
tance weight w(z,y,z) for each triplet. The final loss
L(z,y, z) is composed as:

E(‘T’ Y, Z) = [‘C’T,C(w7ya Z) +A- £A£(x7 y)] : w($7ya 2)7 (3)

where ) is a hyper parameter used to balance the relative
contributions of different losses. Since £L(z,y, z) is weighted
by w(z,y, z), the optimization is simply a weighted version
of the original back-propagation. The intuition of impor-
tance weight is to decrease the negative impact of uninfor-
mative frames that are recorded under unstable conditions.
More technical details about the procedure of computing
w(z,y,z) can be found in Section 3.3 of [4]. We empirically
set A = 2.5 in our experiments.

4.4 Architecture of T-JANet
The key difference between JANet and T-JANet is that
JANet only considers the spatial information of videos,
while T-JANet takes both spatial and temporal information
into consideration. We adopt LSTM architecture (L) for
shared representation learning with temporal constraint
(Section 3.4). The details of this extended component are
presented in Fig. 6.

Different from JANet, the T-JANet takes a triple of videos
(X,Y,Z) as input, and

(xt,yt, z) represent the triple of video frames at time ¢
from (X,Y,Z). We extract channel attention vectors follow-
ing the same setting of JANet. (M*,M¥% MZ) denote the
channel attention vectors from (x, y:, ;).

A LSTM network is adopted to capture the temporal
information of channel attention vectors. The input of LSTM
at time ¢ is the averaged value of channel attention vectors at
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(b) Temporal extended component in T-JANet

Fig. 6. lllustration of the temporally extended component in T-JANet. (a)
We extract channel attention vectors (M:*, M¥ ) and feature representa-
tions following the same setting of JANet. (b) A LSTM network is
adopted to capture the temporal information of channel attention vectors.
Temporal attention loss prompts similarity of the LSTM outputs between
third-person frame and corresponding first-person frame to learn the
joint attention temporally. Temporal fusion is adopted to incorporate fea-
ture representations from previous frame.

current time ¢ and previous time ¢ — 1. The equation for gen-
erating the LSTM output is (take input video X for example):

h: = L[h‘?—la A(Mff ’ MZCFI )]a (4)
where A(-) indicates the averaging operation.

4.5 Loss Function of T-JANet

The objective function of T-JANet consists of two loss
functions:

e  Spatiotemporal attention loss. It is designed for joint
attention learning (Section 3.2) and temporal constraint
(Section 3.4).

e Temporal triplet loss. It is designed for simultaneous
learning (Section 3.3).

Spatiotemporal attention loss is denoted as Lsrac(X,Y)
which enforces joint attention between corresponding first-
and third-person videos spatially and temporally. The spa-
tial attention loss L£s_ 42 (X, Y) follows the same construction
as Equation (1). The temporal attention loss L7 4.(X,Y),
based on L2 distance metric, is constructed to enforce simi-
larity between LSTM outputs of corresponding first- and
third-person videos. The spatiotemporal attention loss at
time ¢ is composed as:

LST.A[,("£t7 yi) = ‘CS—.A[,(‘CBh yt) + )\1 : ‘CT—AL',(xl‘v yt)7 (5)
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where ); is a hyper parameter used to balance the relative
contributions of spatial-temporal losses. We empirically set
A1 = 1.2 in our experiments.

Specifically, the spatial attention loss Ls_4-(X,Y) and
the temporal attention loss L7 4-(X, Y) are formulated as:

EszL(fL'tyyt) = HM? - Mgr/,l”w (©)

Lrac(z,ye) = ”hz% - hg”z ™

Temporal triplet loss is denoted as Lz7(X,Y,Z), which is
an extended version of Equation 2 by taking the temporal
information into consideration. It is formulated as:

! !
x Y
=1 (=1
)F(,’ —F"

e 2

Lo (xe, Yo, z) =

b

‘l/ffl

/ J /

z Y/ 2
tt—1 Jtt—1 tt— tit—1

Fc 7Fc FB 7Fc

e‘ 2—6‘ 2

®)

where (Ff bt ! , F. 1) are the averaged values of the
feature representations of current frame ¢ and previous
frame ¢ — 1 from videos (X,Y, Z).

The final loss £(X,Y, Z) is composed as:

‘C’(X Y Z TZ{ ‘CTT.C Itvyhzt) (9)
+ A Lszac (@, ye)] - w(we, ye, 20) }-
4.6 Implementation Details

Our framework is implemented by using PyTorch [47]. We
apply a ResNet-152 architecture [48] as the basic CNN
model. Input frames are cropped into 224 x 224. The first
four convolutional layers of ResNet-152 are used to extract
feature maps. Following the same settings of CBAM [29]
and [30], we implement our channel attention module in
our experiment. To reduce parameter overhead, the hidden
activation size is R/"*1*! and the reduction radio r is set as
8. The channels of feature maps and the dimension of chan-
nel attention vectors are both 2048. The spatial size of fea-
ture maps as well as that of attention maps is 7 x 7. The
triplet importance weight is learned from one fully con-
nected layer based on the fc7 features of ResNet-152. SGD is
used to train the whole model, with the learning rate of 3e-5
and batch size of 4. For T-JANet, we uniformly sampled the
frames from the video with a temporal stride of 7, i.e., it pro-
cesses only one out of t frames. The value of 7 is set as 30.
The LSTM is a 1l-layer LSTM which takes the input of
(T,b,c), where T is the raw sampled length, b is batch size,
and c is the dimension of channel attention vector. The
dimension of hidden state of LSTM is 1024.

5 EXPERIMENT

In this section, we evaluate our method on a public dataset
with pairs of first- and third-person videos. We first com-
pare the performance of state-of-the-art method and con-
duct ablation study to verify the effectiveness of our
proposed method (JANet and T-JANet) qualitatively and
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Fig. 7. Examples of video pairs from Charades-Ego dataset. The exam-
ple on the top demonstrates a video pairs which are recorded from both
third- and first-person viewpoints. The example on the bottom demon-
strates a video pairs which are recorded from two slightly different third-
person viewpoints. Our aim is to learn shared representation between
first- and third-person viewpoints. Thus the example on the bottom is
invalid for our research.

quantitatively. Moreover, by learning joint attention and
shared representation between two viewpoints, our method
can benefit various applications. Therefore, we also conduct
additional experiments to demonstrate the benefits of our
work on various computer vision applications.

5.1 Dataset and Evaluation Tasks
5.1.1 Dataset

To evaluate our method, we conduct experiments on the
public Charades-Ego dataset [4], which consists of 4000
paired first- and third-person videos of daily indoor activi-
ties recorded by 112 persons. Since our goal is to learn a
shared representation between first- and third-person vid-
eos, we focus on the video pairs that record the same action
from the first- and third-person viewpoints respectively.
However, there are some video pairs in the raw dataset
whose viewpoints are invalid for our research. Fig. 7 dem-
onstrates two examples from dataset. The top one displays
a video pairs from first- and third-person viewpoints. The
bottom one displays a video pairs recorded from two differ-
ent third-person viewpoints, which are invalid for our
research. Therefore, we carefully examined the dataset and
removed 189 invalid video pairs in total.

5.1.2 Evaluation tasks

We evaluate the proposed method with two kinds of evalu-
ation tasks: algorithmic evaluation and representative appli-
cation evaluation.

Algorithmic Evaluation. To evaluate the algorithmic per-
formance of our method, we consider two cross-view video
matching tasks following the procedures in [4]:

e  Pairs Discrimination. The aim of pairs discrimination is
to discriminate corresponding first- and third-person
image pairs from the non-corresponding ones. Classi-
fication accuracy is used as evaluation metric.
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e  Best-Match Moment Localization. The aim of best-
match moment localization is to find the correspond-
ing moment (1 second video clip) in a video, given
another video moment from the other viewpoint
without the knowledge of time stamp. Specifically,
we compute the average of L2 distance between F,
features of all corresponding frames in two moments
as the distance of two moments. The two moments
with the lowest distance are selected as the best-
match moments. For evaluation, we assume that the
ground truth best-match moments can be approxi-
mately obtained by temporally scaling the first-
person video to have the same duration as the third-
person video. Alignment error is used as the evalua-
tion metric.

Representative Application Evaluation. The aim of represen-
tative application evaluation is to show how the proposed
method could benefit various computer vision applications.
We consider four related applications: gaze prediction,
image co-segmentation, video summarization, and zero-
shot action recognition. The details of evaluation on these
applications are given in Section 5.5.

Overall, our method provides an effective way to learn
the shared representation between first- and third-person
videos based on the key idea of “joint attention”. In addition
to algorithmic evaluation on two cross-view video matching
tasks (Sections 5.2, 5.3, 5.4), experiments are also conducted
to show how the shared representation and joint attention
which are learned through the proposed method, can help
improve the performance of various related applications.
By evaluation on four representative applications, we aim
to show that the proposed method can be used as a funda-
mental tool to promote the research of first-person vision
with multi-view information.

5.2 Experimental Setting for Algorithmic Evaluation
Joint Attention Network (JANet). To evaluate how different
parts of JANet contribute to the final performance on the
two tasks, we conduct ablation study by removing or
replacing a subset of models. Details of different baselines
are described as follows:

o  Without Self-Supervised Joint Attention Learning (With-
out SA). To illustrate the contribution of the self-
supervised joint attention learning in our model, we
remove this part and re-train the remaining model.

o  Self-Supervised Attention Learning With CNN-Based
Features. To examine the contribution of attention
information from either first- or third-person video
in joint attention learning, we replace the channel
attention vectors of first-person video and third-per-
son video with original CNN-based feature maps
respectively, denoted as CNN SA /1 and CNN SA /3.
Then the attention is learned by minimizing the L2
distance between average pooling of the feature
maps and channel attention vector of the corre-
sponding third-person video (or first-person video).

e  Triplet Loss With CNN-Based Features. To examine the
contribution of attention information from either
first- or third-person video in shared representation
learning, we use CNN-based features of first-person
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video or third-person video to calculate triplet loss
respectively. These two baselines are denoted as
CNNTL /1 and CNN TL /3.

o  Triplet Weight Based on Low-Level Image Features (Low-
level TW). We use low-level image features (the aver-
age gradient of images in our experiment) instead of
high-level CNN-based features to estimate triplet
weight.

Temporal Joint Attention Network (T-JANet). To evaluate

the effectiveness of different parts of T-JANet, we also con-
duct ablation study with the following baselines:

o Temporal Triplet Loss Without Average Value (TTL
Without Avg). We use the feature representation of
frame t instead of the average value to calculate tem-
poral triplet loss.

o  Self-Supervised Attention Learning Without Temporal
Attention (Without T-AL). To demonstrate the effec-
tiveness of temporal information in joint attention
learning, we remove the temporal attention loss
from spatiotemporal attention loss and re-train the
remaining model. The final loss £(X,Y,Z) is then
comprised of Ly, (X,Y,Z) and Lg_41(X,Y).

o  Temporal Attention Loss Without Average Value (T-AL
Without Avg). We use channel attention vector of cur-
rent frame ¢ as the input of the LSTM state h;. The
equation (take input video X for example) of gener-
ating the LSTM current state is hf = L(h}_;, Mt).

o Temporal Attention Loss With Global LSTM
Output (Global T-AL). We average the LSTM output
over videos to estimate temporal attention loss. The
global temporal attention loss is formulated as

Lrac(X)Y) = H%EL (hi — hi) H2
In addition to the above baselines, we also compare our
method with the state-of-the-art method ActorObserverNet
(AONet) [4]. AONet learns a shared representation between
first- and third-person videos with a Siamese-like network.
We re-train their network with default parameters based on
our filtered dataset.

5.3 Evaluation of the Joint Attention Network
(JANet)

Quantitative Analysis. The quantitative results of different
methods on the two tasks of pairs discrimination and best-
match moment localization are given in Table 1. It can be
seen that the JANet significantly outperforms AONet [4] on
both two tasks. The performance improvement probably
owes much to the predicted joint attention regions in shared
representation learning. While AONet [4] attempted to
learn the shared representation directly from CNN-based
features, our method learns the shared representation in a
more efficient and reliable way by exploiting the joint atten-
tion regions which capture the same action recorded from
two viewpoints.

The ablation study results are also shown in the lower
part of Table 1. We find that the removal of attention infor-
mation from either side of first- or third-person videos in
triplet loss leads to obvious performance drop (close to [4]),
demonstrating the effectiveness of attention information in
shared representation learning. Moreover, the removal of
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TABLE 1
Quantitative Results of JANet for Algorithmic Evaluation

Method Classification accuracy? Alignment error |
AONet [4] 51.8 6.5
Without SA 52.1 6.8
CNNSA /1 88.4 5.2
CNNSA /3 61.1 5.0
CNNTL /1 524 6.3
CNNTL /3 56.9 6.2
Low-level TW 85.7 7.1
JANet 90.6 4.5

The performance of pairs discrimination task is measured by classification
accuracy (in %). The performance of best-match moment localization task is
measured by alignment error (in seconds) between best-match moment and
ground-truth moment.

attention information from third-person video in self-super-
vised attention learning leads to more serious performance
drop than similar removal from first-person video, which
indicates that the attention information of third-person
video plays a more decisive role. Most importantly, the per-
formance degrades dramatically for Without SA when atten-
tion is learned independently from both viewpoints,
indicating the critical role of the self-supervised joint atten-
tion learning in our full model. Overall, the ablation study
results show that in shared representation learning not only
the attention information is needed but also the attention
from different viewpoints should be learned jointly.

Qualitative Analysis. Qualitative results are shown in
Fig. 8. We visualize the ROAs predicted by AONet [4], one
of our baselines (Without SA), and our JANet architecture.
For AONet, we visualize activations of the last convolu-
tional layer to show which regions the network focuses on.
For our baseline and JANet, ROAs are visualized by the
weighted average of feature maps based on the generated
channel attention vectors. It can be seen that [4] tends to
focus on either the image center or the visually salient
object. Taking the first group (column 1 - 2 of Fig. 8) for
example, while [4] focuses on the center region of the first-
person image and human body of the third-person image,
our method successfully locates the shared ROAs in both
images around the object of a saucepan.

As for the baseline of Without SA which learns attention
independently for first- and third-person videos, its learned
attention becomes unreliable and fails to predict the ROAs
shared between two viewpoints. For example, the second
group (column 3 - 4 of Fig. 8) demonstrates that the person
is playing a mobile game, and the shared ROAs are around
the region of mobile phone and hands. However, the ROA
of the third-person image predicted by Without SA is located
on the person’s leg unrelated to the performed action. Over-
all, these results demonstrate that the joint attention learn-
ing via self-supervised is essential for shared representation
learning between first- and third-person videos.

5.4 Evaluation of the Temporal Joint Attention
Network (T-JANet)

Quantitative Analysis. Table 2 shows that quantitative results

of T-JANet and its baselines. Compared with JANet, T-

JANet learns temporal transition of joint attention from
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Fig. 8. Visualization of the predicted ROAs from AONet [4], our baseline of Without SA and our JANet. We demonstrate four groups of image pairs,
each containing frames from the first- and third-person viewpoints respectively.

TABLE 2
Quantitative Results of T-JANet for Algorithmic Evaluation

Method Classification accuracy] Alignment error|
TTL Without Avg 92.3 2.1
Without T-AL 87.8 33
T-AL Without Avg 91.6 3.3
Global T-AL 90.3 5.0
JANet 90.6 4.5
T-JANet 95.4 1.6

The performance of pairs discrimination task is measured by classification
accuracy (in %). The performance of best-match moment localization task is
measured by alignment error (in seconds) between best-match moment and
ground-truth moment.

cross-view videos and significantly improves the perfor-
mance with highest classification accuracy (95.4) percent
and lowest alignment error (1.6 s) on the two tasks of pairs
discrimination and best-match moment localization respec-
tively. This demonstrates that both spatial and temporal
information are needed for shared representation learning
between two viewpoints.

The influence of temporal constraint is analyzed in abla-
tion study. Without T-AL removes the temporal attention
loss and leads to a performance drop, indicating the impor-
tance of temporal constraint. TTL Without Avg and T-AL
Without Avg keep the same LSTM network but only use
information of current frame as input. The results of these
two baselines show a slight performance drop compared
with that of T-JANet, indicating that temporal information
from adjacent frames is also important.

Qualitative Analysis. Qualitative comparison of JANet and
T-JANet is presented in Fig. 9. We visualized the predicted
ROAs of JANet and T-JANet in three groups. Since T-JANet
exploits the high-level attention transition temporally, it can
predict shared ROAs more consistently than JANet under
complex situations. The first group (column 1 - 3 of Fig. 9),

as an example, illustrates that the shared ROAs are always
located on region of sandwich. Due to independent process
of each input frame, JANet wrongly predicts the ROA of the
first-person view on the woman’s leg in the third frame
(highlighted in the red dot of Fig. 9a). On the contrary, with
the help of temporal information, T-JANet successfully pre-
dicts the shared ROAs across different frames. For example,
the third group shows that the ROA of the second first-per-
son frame (column 8 of Fig. 9) is occasionally out of view
due to instant head motion. In this case, our T-JANet can
also correctly predict the ROA with the information of pre-
vious frames.

Moreover, we also conduct attention estimation on other
unseen datasets (ActivityNet [49] and 1st-3rd dataset [8]) to
examine the generalizability of our attention model. Activi-
tyNet dataset is a large-scale video benchmark that covers a
wide range of complex human activities from different
viewpoints. It consists of a total of 849 video hours which
are recorded by different people in different scenes. The 1st-
3rd dataset is composed of sets of three synchronized vid-
eos (two first-person videos and one third-person video)
ranging between 5-10 minutes for the task of person-video
identification. The attention estimation results on the two
datasets are shown in Fig. 10. On the ActivityNet dataset,
since our method exploits the attention transition tempo-
rally, it can predict shared ROAs consistently under various
situations. On the 1st-3rd dataset (Fig. 10a), the attention
estimation in the third-person video (top row) demonstrates
more stable results than in the first-person video (bottom
row). The reason might be that the first-person videos in the
1st-3rd dataset are recorded by Xiaoyi Yi Action Cameras’,
which are chest-mounted and provide different views from
the head-mounted cameras used in the Charades-Ego
dataset.

1. http:/ /www.xiaoyi.com/en/specsen.html
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Fig. 9. Visualization of predicted ROAs from our JANet (a) and T-JANet (b). We presented video actions with predicted ROAs in both first- and third-
person viewpoints (from top to bottom: third-person perspective and corresponding first-person perspective). ROAs are visualized with heatmaps on
input images. The color ranges from blue to red, showing low to high attention.

Overall, these results demonstrate that temporal atten-
tion constraint plays an important role in learning joint
attention and shared representation of cross-view videos.

5.5 Evaluation of Representative Applications

As shown in previous sections, our method is also capable
of predicting ROAs and learn shared representation across
different views. It has been studied in previous works that
the estimation of attention could be used to focus on impor-
tant visual regions and is important for various computer
vision tasks such as object segmentation and action recogni-
tion. Our method is able to predict ROAs without explicit
supervision. Therefore, it can be used as a fundamental tool
and applied to tackle a variety of computer vision tasks. In
this section, we conduct experiments on four representative
applications to validate the efficiency of our method. The
representative applications are defined as follows:

(a) Videos from 1st-3rd dataset  (b) Videos from Activity Net
[49]

Fig. 10. Visualization of the predicted ROAs with T-JANet on unseen 1st-
3rd dataset [8] (a) and ActivityNet dataset [49] (b). The top row shows
the third-person view and the bottom row shows the first-person view.

o Gaze Prediction (Single-View Input | JANet Framework).
Third-person video frames are taken as input. Gaze
direction is predicted by combining the predicted
ROA from JANet and the head position inferred
with a 2D body pose estimation algorithm.

o Image Co-Segmentation (Cross-View Input | JANet
Framework). Images of two views are taken as input.
The predicted ROAs from JANet are combined with
a superpixel algorithm to locate the object region of
joint attention between two views.

o Video Summarization (Cross-View Input | T-JANet
Framework). Videos of two views are taken as input.
Key frames are selected on account of the per-frame
importance score which is computed based upon
similarity of features extracted from T-JANet.

e  Zero-Shot Action Recognition (Cross-View Input | T-
JANet Framework). Videos of a target view are taken
as input. Features are extracted with T-JANet and
actions are recognized only based on training data
(videos with action labels) from a different view.

Note that in the case of cross-view image co-segmenta-

tion, there is no cross-view data exchange during calcula-
tion. For the case of video summarization and zero-shot
action recognition, our method takes into account both first-
and third-person viewpoints. The calculation of each views
is interdependent.

5.5.1 Gaze Prediction

Predicting where a person looks (gaze) in a third-person
video is important for video analysis and information
retrieval. Existing single-view based gaze prediction meth-
ods [50], [53], [54], [55], [56], [57] locate the human eyes first,
and then estimate the gaze direction based on the pupil and
head’s direction. Different from previous methods, we pre-
dict the gaze as follows: first, we locate the position of
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Fig. 11. lllustration of our gaze prediction framework. The predicted ROA
of third-person frame is used to locate the gaze position of the actor. The
white dot indicates the gaze direction inferred from predicted ROA.

human head based on the pose estimation method [54].
Next, we use the third-person frame’s ROA, which is
inferred from our model, as the place where a person looks.
The pipeline of our gaze prediction approach is demon-
strated in Fig. 11.

We compare our method with the state-of-the-art single-
view based gaze prediction method AC17 [50] with its
default parameters. Since Charades-Ego dataset does not
provide ground-truth gaze annotations, we consider two
ways to evaluate gaze prediction. 1) We manually annotate
a subset of third-person video frames in the Charades-Ego
dataset to generate a new dataset for evaluating gaze pre-
diction (we call it “3rdGaze” dataset). 3rdGaze dataset has a
total of 1059 annotated images which cover 19 scenes and
182 objects categories. All images in the 3rdGaze dataset are
annotated with 2D eye positions and gaze points. We use
average angular error (AAE) as our evaluation metric,
which is formulated as: £>"|le;; — B;||, where a; is the esti-
mated gaze angle and f; is the annotated gaze angle of i-th
image. n is the number of images in the 3rdGaze dataset. 2)
We also conduct user study to provide a subjective evalua-
tion of different methods. A corpus of 100 participants (42
females and 58 males) with diverse backgrounds was
recruited to participate in the user study. Fifty third-person
video frames randomly selected from the Charades-Ego
datasets are used to form a questionnaire. Participants are
asked to examine the gaze prediction results of two meth-
ods and choose their preferred ones. User preference ratio is
used as the evaluation metric.

The left part of Table 3 shows the gaze prediction results
with two evaluation metrics. It can be seen that 89.3 percent
of participants prefer our method compared with [50]. The
average angular error of our method is much lower than
AC17 [50], indicating the effectiveness of our method for
gaze prediction. Fig. 12 illustrates the qualitative comparison

TABLE 3
Quantitative Results of Gaze Prediction
and Image Co-Segmentation

Gaze prediction Image co-segmentation

Method Preference] AAE] Method Preferencel
AC17 [50] 10.7% 30.6° CHI18[52] 19.3%
Ours 89.3% 16.7° Ours 80.6%

User preference ratio (Preference, higher is better) is used as the evaluation
metric for both tasks, and average angular error (AAE, lower is better) is used
as the evaluation metric for gaze prediction.
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Fig. 12. Examples of gaze prediction results. The top row indicates the
gaze prediction results of AC17 [50]. The bottom row indicates the gaze
prediction results of our approach. N/A denotes AC17 [50] failing to pre-
dict the direction of human gaze.

Ours

between our method and [50]. With predicted ROAs, our
method achieves obviously better results than [50] which
relies on face landmark detection. Furthermore, our method
could robustly predict a gaze position when the human face
cannot be detected in an input image.

5.5.2 Image Co-Segmentation

Here we show that our method could be easily extended to
solve image co-segmentation task in an unsupervised man-
ner. Different from previous methods [52], [58], [59], the key
of our approach is that we utilize the predicted ROAs of
both first- and third-person video frames to guide co-
segmentation. First, candidate segments are extracted by an
unsupervised image segmentation method (here we adopt
SLICO [51]). Then, we choose two segments from candidate
segments of two images as output which are near the center
of ROAs and are also visually similar to each other. The
pipeline of our co-segmentation framework is demonstrated
in Fig. 13.

We compare our method with the state-of-the-art image co-
segmentation method of CH18 [52]. Similar to Section 5.5.1,
we conduct a user study for quantitative evaluation. We ran-
domly sampled 25 pairs of first- and third-person video
frames to compare the co-segmentation results of [52] and
those of our method.

-

—+>!
= |

|

|

|

|
First-person |Predicted ROA|
- |

| -

|
.

|

|

Joint attention

Correspondence .
LTESPONTENSE Shared regions

Fig. 13. lllustration of image co-segmentation framework. We adopt
superpixel algorithm [51] to group pixels into perceptually meaningful
atomic regions. The joint attention is used to indicates the shared
regions between input pairs.
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Fig. 14. Examples of co-segmentation results. The first row depicts input image pairs from two perspectives, the second row displays the object co-
segmentation results of CH18 [52], and the third row displays the results of our approach.

The results of user preference ratio are shown in the right
part of Table 3. It can be seen that 80.6 percent of partici-
pants prefer our method compared with [52]. Quantitative
comparison is shown in Fig. 14. With the guidance of atten-
tion information, our method significantly outperforms [52].

5.5.3 Video Summarization

In this part, we show that joint attention predicted from first-
and third-person videos could be exploited to discover impor-
tant moments that describe the potential undergoing activity.
Thus, our joint attention provides an effective solution for
multi-view video summarization. The state-of-the-art video
summarization methods [60], [61], [62], [63], [64], [65] often
take single-view video as input, estimate importance scores
per frame and create a video summary consisting of a small
subset of frames. In contrast, we compute per-frame scores of
joint attention for paired first- and third-person videos by
computing the similarity between channel attention vectors of
two videos. We assign high importance scores to frames that
have high scores of joint attention, based on which a subset of
frames with high importance scores above a threshold is
selected as key frames for summarization. The pipeline of our
video summarization framework is demonstrated in Fig. 15.
We compare our multi-view video summarization
method with two state-of-the-art methods (ZQ18 [60] and
GG14 [64]) on Charades-Ego dataset. We also conducted

First-person

| I
c ) | : |
g  wws_1, Channel summarization |
g ml P e I “attention | @ I
iy 3 | | (-1 1
£ ¢ [ T I
= s : Similarity | g / " |
) | scqres T’é &=r '
< g ! g g o
I | Al -
éﬁ;i- Chanr'1el I E ) :
2 i 1" attention | !
% :
SR |

| |

Shared ROAs scores «orrespondence Key frames

Fig. 15. lllustration of our video summary framework. The shared ROAs
are used to estimate the importance scores of each frames by comput-
ing the similarity between channel attention vectors of two videos. Then,
key frames are selected based on per-frame importance scores.

performance comparison based on per-frame importance
scores generated from AONet [4] and our JANet. Note that
for AONet, we compute importance scores by evaluating
the similarity between basic CNNs feature maps. We use
the annotated action clips as ground-truth of video sum-
mary and use average precision and F1 score as the evalua-
tion metric. Since action clips that are too short or too long
are inappropriate for task evaluation, we removed those
clips in two ways. 1) We consider an action clip that lasts
less than one second as an accidental action, which is not
related to the whole activity and thus is removed. 2) We
also remove videos in which more than 95 percent of the
frames belong to a single action, as summarization is not
needed in these videos.

Quantitative results are shown in Table 4. Since
GG14 [64] predicts frame importance scores based on spe-
cific image features such as facial landmark detectors and
motion, it shows the worst result among the baselines. In
contrast, our T-JANet based method could reliably detect
more important moments by joint attention information
with the help from additional third-person viewpoint. We
show qualitative example of our T-JANet result in Fig. 16.

5.5.4 Zero-Shot Action Recognition

In this section, we present results of cross-view action recog-
nition in a zero-shot setting in order to show how the knowl-
edge from a source viewpoint can be transferred to a target
viewpoint with shared representation learned between the
two views.

TABLE 4
Quantitative Comparison With State-of-the-Art Video
Summarization Methods on Charades-Ego Dataset

Method Average precision F1 score
ZQ18 [60] 57.7 68.0
GG14 [64] 52.3 58.1
AONet [4] 61.3 64.8
Our JANet 61.3 66.3
Our T-JANet 64.4 69.8

Average precision and F1 score (in %) are used as the evaluation metrics.
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Fig. 16. Examples of video summaries generated by our T-JANet on
Charades-Ego dataset. The gray line shows the per-frame importance
scores. Color-intensified areas indicate frames of different actions. The
details of action labels are shown on the bottom.
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Fig. 17. lllustration of our zero-shot action recognition framework. The
extracted features are used to predict the classification probability of a
target sample with kNN.

Zero-shot action recognition is implemented with a k-
nearest neighbors algorithm (k-NN) [66]. Assuming that the
source domain data is made up of third-person video clips
(one-second) with ground-truth action labels, and the target
domain data is comprised of first-person video clips with-
out labels. Given a first-person video clip, k nearest third-
person video clips are searched out based on the L2 distance
between the feature vectors of video clips. Action category
with most votes from the k nearest third-person video clips
is then assigned as final prediction. Following the evalua-
tion setup from Charades [67], multi-class mean average
precision (mAP) is used as the evaluation metric. The pipe-
line of this application is shown in Fig. 17.

Performance comparison is conducted based on features
extracted from three network architectures: AONet [4],
JANet and T-JANet. In addition, Sigurdsson et al. [4], [68]
implemented two baselines: one is trained on both first- and
third-person videos and tested on either first- or third-person
videos using the models from [69]. We denoted this baseline
as “5G18”. The other one implemented zero-shot first-person
action recognition by adding a classification loss and then
jointly training the network. This baseline is denoted as
“AONet-cls”. Quantitative results are shown in Table 5.
AONet outperforms AONet-cls by a large margin, which
indicates that non-parametric feature matching is more suit-
able for cross-view action recognition than training an addi-
tional action classifier. The proposed T-JANet achieves best
performance among the three architectures, validating the
advantage of learning with spatial-temporal joint attention.
Fig. 18 demonstrates the results with different values of k. It
can be seen that performance converges nearly with £ > 5.
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TABLE 5
Quantitative Results of Zero-Shot Action Recognition

SG18 [68] AONet-cls [4] AONet JANet T-JANet

19.5 259 43.2 52.1 58.5
17.5 - 38.9 53.1 60.2

Srd_)lst
lstﬁ3rd

The performance is measured by video-level mAP (in %). 3" — 1 indicates
that we use third-person videos as training samples, and the first-person videos
are used to test. 15t — 3 indicates that we use first-person videos as training
samples, and the third-person videos are used to test.

o 0551

<

£ 0.50

2 0,

3 045

[]

o ]

o 040 AONet

K]

S 0351 JANet

—A— T-JANet
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Fig. 18. Zero-shot action recognition performance with different k values
(k € [1,10]) based on AONet [4], JANet and T-JANet.

6 CONCLUSION AND FUTURE WORK

In this paper, we propose a method to effectively learn a shared
representation for co-analysis of the first- and third-person vid-
eos. Our key idea is to learn joint attention for linking these two
viewpoints, with the assumption that shared representation
should correspond to the joint attention regions. A novel repre-
sentation learning framework with a self-supervised attention
learning module is developed to learn joint attention spatially
and temporally. Experiment results on a public dataset show
that our proposed method significantly outperforms the state-
of-the-art method on two cross-view video matching tasks.
Additional experiments are conducted to demonstrate the ben-
efits of our work for various applications.

In the future, we will deploy our method to more scenes.
In addition, based on the shared representation learning
between first- and third-person videos, our research inter-
ests also include synthesizing first-person video in accor-
dance with the input of a third-person video.
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