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a b s t r a c t

Learning human daily behavior is important for enabling robots to perform tasks and assist people.
However, most prior work either requires specific sensors for capturing data or heavily relies on
prior knowledge of human motion, which can be difficult to obtain. To alleviate the above problems,
we propose a novel pipeline for robots to learn human behavior based on coarse-to-fine video
summarization using a single Kinect camera. Specifically, the robot first retrieves information of
general interest followed by a task-specific content retrieval, then focuses on fine-grained motion
clips of human behavior, and guides itself by using an object-centric learning method to complete the
desired task. Our work has three unique advantages: (1) it enables the robot to effectively capture
granularity hierarchies of human behavior which efficiently exploits multi-stage information while
alleviating disturbances and redundancies in visual data; (2) it obtains knowledge by focusing on
object movements in summarized motion clips which does not require any prior knowledge of human
motion; (3) it only requires a single Kinect sensor for the robot to learn human behavior which is
fully accessible and easy to equip. Experiments in an office environment were performed to validate
the efficiency and effectiveness of the proposed framework, and the results indicate that this approach
exhibits good learning efficacy for the robot to understand human behavior and learn to perform tasks.

© 2020 Elsevier B.V. All rights reserved.
1. Introduction

The past decade has seen a rapid development of service
obots in many different areas of industry for enhancing produc-
ivity in our daily routine [1–3]. To better facilitate this, learning
uman behavior [4–7] plays a pivotal role in enabling robots
o perform tasks and assist people. However, the performance
f a robot’s learning ability of human behavior as well as the
earning efficiency can be directly impacted by a large amount
f disturbance (associated with the sensors) and redundancy
hat is often inherent in the visual data [8]. Thus we propose
o enhance a robot’s learning ability and improve its learning
fficiency by leveraging video summarization techniques [9–12]
hich can provide tools for extracting key contents and reducing
ata redundancy.
As pointed out by Rana et al. [13], a robot’s environment

annot be well defined and it is therefore beneficial for robots
o ‘‘find’’ the most meaningful visual data to learn instead of
elying on the unstructured real-world environments. Moreover,
ollowing the evidence that the human visual system follows a
oarse-to-fine mechanism in a dynamic way [14–16], we believe
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ttps://doi.org/10.1016/j.asoc.2020.106913
568-4946/© 2020 Elsevier B.V. All rights reserved.
that introducing a coarse-to-fine summarization pipeline (shown
in Fig. 1) can better equip the robot with accurate and robust
learning of human behavior. Specifically, considering videos of
people performing tasks in their daily routine, it consists of the
following three stages of summarization:

1. Generic summarization (G-summ). The robot first selects all
meaningful frames of humans performing different tasks
while reducing redundancy and disturbance in visual data;

2. Task-specific summarization (T-summ). The robot then ex-
tracts all the key related contents with respect to the
desired tasks to narrow down the focus to several specific
tasks;

3. Fine-grained summarization (F-summ). The robot further
extracts essential instance-motion information of human
behavior and produces the final summaries which can pro-
vide detailed knowledge.

By progressively exploiting the most essential information
among videos, the robot can learn knowledge from generated
summaries and complete tasks. In our work, the robot is tasked
to learn human behavior in daily routine, i.e., the pattern of
the habits of a person that involves interactions between the
person and objects. Based on the generated summary, we further
propose an object-centric learning method where the robot learns

https://doi.org/10.1016/j.asoc.2020.106913
http://www.elsevier.com/locate/asoc
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Fig. 1. The illustration of the proposed coarse-to-fine video summarization for robot learning of human behavior, which progresses from a general to more fine-grained
evels. G-Summ first selects all task-independent key frames, T-Summ then finds the related contents based on the required tasks (e.g., tidy the chair and wipe the
able), F-Summ afterward is tasked to extract fine-grained instance-motion clips.
rom the observation of object movements (for example, cleaning
loth movements in Fig. 1) and performs the desired tasks. By
everaging on the object movements that represent human be-
avior patterns, it does not require any prior knowledge of human
otion which can be difficult to obtain. Besides, this simple yet
ffective learning method only requires a single Kinect camera
nstead of relying on specific sensors to record videos of human
ctivities. After learning the knowledge, the robot ‘‘transforms’’
he knowledge to robot control based on the perception of the
xternal environment. This results in fewer sensors, which leads
o lower cost and lower levels of redundancy [17,18].

This work sheds new light on the benefits of integrating hu-
an behavior learning for robots with multi-stage video sum-
arization, which enables robots to efficiently learn the essence
f the visual data of the human behavior and increase the level
f learning intelligence by focusing on object movements. The
ontribution and the details of this work can be summarized as
ollows:

• We explore a new research direction by integrating robot
learning of human behavior with coarse-to-fine video sum-
marization using a single Kinect camera. It can allow the
robot to generate key information from visual data and learn
knowledge to complete tasks.

• The introduced coarse-to-fine summarization pipeline en-
ables the robot to capture granularity hierarchies of human
behavior (i.e., meaningful frames, related contents with re-
spect to different tasks and key instance-motion clips) to
effectively and efficiently generate the essential key infor-
mation.

• The proposed approach, where the robot performs object-
centric robot learning of human behavior does not require
any prior knowledge of human motion which is often un-
available. It leverages object movements that correspond to
human behavior patterns to further ‘‘transform’’ the knowl-
edge to robot control and allows the robot to perform tasks.

• We conduct experiments in an office environment to val-
idate the proposed framework. The comprehensive results
demonstrate the effectiveness of our method that allows the
robot to perform the desired task, as well as the efficiency
of the coarse-to-fine summarization pipeline.

The remaining part of the paper is structured as follows. In
ection 2, we review the related work and present the proposed
ramework for robot learning of human behavior in Section 3. Fur-
her, we report and analyze the experimental results in Section 4.
e conclude this paper and outline the future work in Section 5.
2

2. Related work

2.1. Robot learning of human behavior

Enabling robots to learn from human behavior to perform
different tasks and assist people, is believed to be a challeng-
ing and promising direction for the development of intelligent
robot system [19–21]. Many existing works have explored vision-
based robot learning of human behavior within the framework
of learning from demonstration (LfD) [5,22] to imitate human
actions.

For example, Koenemann et al. [22] presented a humanoid
robot to imitate whole-body motion of people by using a compact
human model and finding robot postures that imitate the human
demonstrator in real-time. They achieved complex whole-body
motion imitation that maintains static stability with a short com-
putational time. However, the accurate imitation process requires
specific motion capture sensors to capture data, which can be
difficult to obtain. Some other works are focusing on kinesthetic
teaching based LfD [6,23,24]. Rahmatizadeh et al. [24] proposed a
multi-task learning technique that takes the input images of the
environment and learns from user demonstrations to generate
robotic arm trajectories, i.e., the next joint configuration of the
robot. Thus the robot is able to acquire pick and place manip-
ulation skills. While several tasks can be demonstrated in these
works, quite expensive training data is required that highly relies
on either artificial demonstrations or special physical systems
(e.g., [25,26]).

Vision-based approaches for robot learning human behavior
that make use of LfD mainly tackle the problem of imitation.
Some other works address the problem of understanding and
allow the robot to perform various tasks [27–29]. For instance,
a robotic manipulation framework [28] is proposed by translat-
ing human demonstration videos to commands, which can be
cast as a video captioning task [30,31] using deep Recurrent
Neural Networks (RNNs) [32] to output words as commands.
Based on that, the robot finds the relevant objects and plans the
actions according to the command sentence. More recently, Yang
et al. [29] further improved the performance of translating human
demonstration videos to command sentences and proposed to
integrate a grasp detection network and a video captioning net-
work. In their work, they introduced local object-level features to
provide the fine-grained understanding and combine them with
global frame-level features to address grasping tasks. However,
the above works rely on prior knowledge of the trajectory for
each action when the robot executes the actual manipulation
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ctions, which can be impractical for robotic applications to learn
uman behavior with regards to the complex real-world data.
In our work, we focus on learning human behavior through

he observations for robots, which does not require specific sen-
ors/physical systems, artificial demonstrations, as well as prior
nowledge of the trajectory for each action. Besides, the proposed
bject-centric learning method can effectively alleviate the issue
f expected prior knowledge of action trajectories of human
ehavior that tends to be expensive and inefficient to obtain.

.2. Video summarization

Our work applies video summarization in the robotics do-
ain by exploring a coarse-to-fine summarization pipeline for

he robot to learn and perform desired tasks. Video summariza-
ion is formalized as a structured subset selection where key
ontents are detected while redundant information in videos is
iscarded [9–12,33,34]. For example, Rochan et al. [12] demon-
trated that the problem of video summarization shares simi-
arities with semantic segmentation [35], thus they proposed to
dopt semantic segmentation networks to achieve key frame se-
ection. Zhang et al. [36] developed a Dilated Temporal Relational
dversarial Network (DTR-GAN) that learns a dilated temporal re-
ational generator and a three-player discriminator to encourage
rame-level summaries that are both information complete and
ompact.
For more fine-grained video summarization, Meng et al. [37]

ntroduced an object-level summarization approach by first gen-
rating object proposals in the input video and then selecting the
ost representative ones that can reconstruct the whole proposal
ool. In this way, videos are summarized to fine-grained key
bjects, which can enable a higher-level semantic understanding
f the videos. Another object-level summarization work [38] was
roposed by considering fine-grained moving instances residing
n videos and learning to summarize key motions of the par-
icipating objects. In their work, an online motion Auto-Encoder
odel was developed that mimics online dictionary learning and

earns to memorize the past states of the object motions during
he updates with a tailored recurrent auto-encoder network.

Different from the above works that only focus on video con-
ents, Sharghi et al. [39] introduced the query-focused summa-
ization task which accounts for user preferences in the form
f text queries in the summarization process. They focused on
enerating summaries that have effective correlations between
he query selector and the summaries. Following this pipeline,
ther works [40–44] are further proposed to improve the per-
ormance of query-focused summarization. For instance, Zhang
t al. [44] developed a deep reinforcement learning-based [45]
ummarization network (SummNet) that learns to select key
hots. To express a relatedness reward, they proposed a Mapping
etwork (MapNet) that maps the video shots to the text space
nd provides a link between these two modalities. In this way,
ummaries are generated based on this mapping mechanism as
ell as deep reinforcement learning.
Our proposed method progresses from a general to more fine-

rained levels that utilize the above-mentioned frame-, object-
nd query-level summarization to enable the exploration of a
romising framework for robots to summarize the visual data of
uman behavior and further learn knowledge from it.

. Methodology

.1. Overview

Our approach to learning human behavior for robots is to
ierarchically summarize the key information residing in videos
 d

3

Fig. 2. The overall pipeline contains multi-stage video summarization and
object-centric learning. Given the input video of human daily activities, G-summ,
-summ and F-summ generate summaries of different granulates. The robot then
earns via an object-centric method from the produced fine-grained information.
his in the end allows the robot to perform the desired task by robot control
fter the perception of the external environment.

nd learn human behavior patterns in an object-centric manner,
hich allows the robot to further perform desired tasks and
ssist people in their daily routine. The overview of our pro-
osed method is provided in Fig. 2. Let V be the input video of
uman activities, and we assume that each activity/task can be
epresented by a unique task selector (concept) τ i, where T =

τ i}ni=1 denotes all n tasks. The robot first addresses the coarse-to-
ine summarization problem, which is formulated as learning the
odels of G-summ, T-summ and F-summ to progressively produce

he key information, namely Vkey, Vtask and Xkey. It then learns
he human behavior patterns in an object-centric manner by
tilizing a clustering-based model that captures the movements
f summarized key instances. This in the end achieves robot
ontrol to perform the corresponding tasks to assist people based
n the perception of the external environment.
Note that, in our approach the robot aims to learn the knowl-

dge from the summaries to fill the gap between ‘‘observing’’
nd ‘‘performing’’ in order to execute tasks. The knowledge may
nswer the questions, for example, ‘‘how do people interact with
he objects’’ and ‘‘what are people’s behavior habits when per-
orming a certain task’’, etc. In this section, we first introduce the
rchitecture of coarse-to-fine summarization for the robot to gen-
rate summaries, then present the details of how the robot learns
nowledge and describe how this helps the robot to complete the
esired task.

.2. Generic summarization

.2.1. G-summ network
The robot first generates all the potentially informative frames

ia G-summ. As shown in Fig. 3, G-summ is decomposed into two
omponents: a generator that predicts the importance scores for
ideo sequences, and a discriminator that discriminates whether
he input summary is a true summary. This regularizes the robot
o obtain, through adversarial training, compact yet comprehen-
ive summaries of humans doing activities.
Given the input video V = {Vt}

T
t=1 with T being the total

umber of frames, a ResNet-152 feature extractor [46] is first
pplied to get fv . The generator G(fv; θG), parameterized by θG,
hen captures multi-scale temporal dependencies using a Bidirec-
ional LSTM (Bi-LSTM) [47] and a Dilated Temporal Relation (DTR)
nit [36]. In this way, both spatial and temporal representations
f frames are obtained. After the concatenation, the pipeline is
urther split into two branches, one produces the learned video
epresentation fe using a fully connected (FC) layer followed by a

ropout layer. The other, which generates the summary results
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Fig. 3. The architecture of G-summ for generating all the potentially informative frames of human doing activities. It is composed of two components: a generator
that aims to predict the confidence scores for the input video and a discriminator with a three-player loss.
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that contain meaningful frames of human activities, applies a
FC layer and a sigmoid non-linearity to obtain the predicted
confidence scores sp = {stp}

T
t=1, where sp ∈ [0, 1].

To ensure the high quality of the generated summaries, the
discriminator with a three-player loss [36] that encodes the
higher order statistics of what a summary consists of, is intro-
duced to better learn the correspondence between the original
video and the two summaries sr and sg . Here sg ∈ {0, 1} denotes
he ground truth summary scores and sr ∈ [0, 1] the randomly
enerated summary scores, which are sampled from a uniform
istribution. This can enforce the discriminator D(fe, S; θD) (pa-

rameterized by θD) to distinguish between the predicted sum-
mary and a trivial summary containing randomly selected frames,
where S = {sg , sp, sr}. Here we transform the confidence scores to
the summary representations by Ŝ⊙ fe, and take it as the input to
the discriminator. ⊙ is element-wise product, and Ŝ = {ŝg , ŝp, ŝr}
enotes the replicated scores after tiling in order to align with
he dimension of fe.

The discriminator encodes fe to f̄e by using a Bi-LSTM, takes the
hree summary representations and feeds them into another Bi-
STM with shared parameters. It then concatenates each encoded
ummary representation with f̄e separately and obtains f g , f p
nd f r . A dropout layer, a leaky rectified linear unit (LReLU) [48]

layer and a FC layer with a sigmoid nonlinearity are applied. This
produces three losses (i.e., Loss_real, Loss_fake1, and Loss_fake2).

.2.2. Objective function
The learning objective of G-summ can be defined as:

in
G

max
D

Lφ(G,D) + Lp(G), (1)

where Lφ(G,D) is the min–max adversarial learning loss, which
is defined as:

Eg [D(fe, ŝg ; θD)]−ϖEp[D(G(fv; θG); θD)]− (1−ϖ )Er [D(fe, ŝr ; θD)].

(2)

The adversarial loss enables the model to learn the higher-order
statistics of what a summary of human behavior consists of. Fol-
lowing [36], we treat the predicted summary and the randomly
generated summary equally and set ϖ = 0.5. Lp(G) in Eq. (1) is
the mean squared loss which could be written as:

Lp(G) = ∥sp − sg∥2
2. (3)

3.2.3. Shot-level summary prediction
We further adopt a Kernel Temporal Segmentation (KTS)

method [49] to generate representative shots (small temporally

contiguous set of frames) to produce the video summary Vkey,

4

Fig. 4. The architecture of T-summ for generating all the related contents of
human behavior for the robot given a task. The deep reinforcement learning
agent selects the key segments by taking good actions that jointly integrate
the three rewards, where the relatedness reward is based on the Mapping
mechanism.

since shots are more informative than discontinuous frames. We
obtain shot-level scores from the raw confidence scores of each
frame by:

1
te − ts + 1

te∑
t=ts

stp, (4)

here ts and te indicate the temporal locations of the start and the
nd of the shot. We further use a threshold ρφ which we set to the
verage of all shots. In this way, the key shot-based summaries
f human doing activities are obtained.

.3. Task-specific summarization

.3.1. T-summ network
Based on the generated Vkey that may contain people perform-

ng different tasks, the robot then focuses on the specific tasks
= {τ i}ni=1 via T-summ. In this work, two tasks are considered:

1) pick_place, the robot is tasked to learn human behavior
abits when moving different classes of objects for cleaning the
able; (2) tidy_chair, the robot aims to learn from human
ehavior to tidy the room by pushing the chairs under the table
o that all chairs are gathered around the table. Note, the robot
an reuse Vkey and extend to learn other tasks as well to learn
dditional tasks.
As shown in Fig. 4, the key frames and the task selector are

aken as the input to produce the corresponding task-specific
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egments. We apply a ResNet-152 [46] to obtain feature represen-
ation Y , where Y = {yk}Kk=1, and K is the total number of frames
n Vkey. A Skip-gram model pre-trained on the Google News
ataset [50] is used to get the task selector τ i word embedding.
onsider the case that the tasks pick_place and tidy_chair
ach contains two concepts, we sum the two concept vectors
nd use it as the resulting task selector τ i. Then two FC layers
re applied on τ i and Y followed by concatenation to generate
he joint embedding. Next, a Bi-LSTM further embeds the learned
eatures in the temporal space and captures long-term depen-
encies. Afterward, a dropout layer, a batch normalization layer
nd a FC layer transform the output, and the confidence scores
= {sk}Kk=1 are obtained via a sigmoid non-linearity.
The Mapping mechanism (shown in Fig. 4) is introduced such

hat a relation between visual and task (in the form of text) space
s provided. We mostly adopted the structure proposed in [44].
t takes visual representation yk as the input and maps it to the
ext embedding space by using a FC layer followed by a dropout
nd a LReLU layer. Then another FC layer is utilized to obtain the
rojected text feature ŷk. In our setting, each frame corresponds
o only one task, therefore, the real text embedding for each
rame can be denoted as {τ̃ k}Kk=1, where τ̃ k ∈ {τ i}ni=0. Note, τ

0 is a
ero vector for the scenario that the content of the current frame
oes not relate to any of the desired tasks. Thus this mapping
echanism can be trained via the loss:

mapp =
1
K

K∑
k=1

∥ŷk − τ̃ k∥2. (5)

The mapping mechanism is utilized to map the frame em-
beddings to the task embeddings. In this way, the robot learns
a mapping from the visual (video) space to express how related
each frame is to a given task in the form of text. Note, for the
same video frames, different task selector should result in differ-
ent task-specific key segments. The interested reader is advised
to look at [39,51] for a more detailed review of task/query-
conditioned summarization.

3.3.2. Reward function
Inspired by the results of a recently proposed deep reinforce-

ment learning-based work for query-conditioned video summa-
rization [44], where each query embedding can be regarded as a
form of task selector in our scenario, we thus apply a reinforce-
ment learning approach that allows the model to select the key
information that is most closely related to the task via a reward
function, and refine the selections to achieve better predictions.

We adopt the reward function that is detailed in [44,52] and
adapt it to the selected task-specific frames of humans doing
activities by utilizing the diversity reward Rdiv , the representa-
tiveness reward Rrep and the relatedness reward Rrel. The three
ewards are defined as:

Rdiv =
1

V (V − 1)

∑
yk′∈Vτ

∑
yk′′ ∈Vτ
yk′ ̸=yk′′

(1 −
yk

′

yk
′′

∥yk′∥2∥yk
′′
∥2

), (a)

Rrep = exp(−
1
K

K∑
k=1

min
yk′∈Vτ

∥yk − yk
′

∥2), (b)

Rrel = exp(−
1
V

∑
ŷk∈Vτ

∥ŷk − τ̃ k∥2), (c)

(6)

here Vτ are the set of selected frames, and |Vτ | = V . yk
′

and
k′′ denote frame embeddings. Rrep is computed based on the k-
edoids algorithm which aims to minimize the mean squared
istance of all K frames between the input Vkey and the selective
rames. For Rrel, ŷk is the projected representation vector of each
elected frame by using the trained Mapping mechanism, and τ̃ k
s the corresponding ground-truth task embedding.
5

3.3.3. Policy gradient reinforcement learning
T-summ is trained to select the essential task-related key seg-

ents for the robot by taking good actions A = {ak}Kk=1 based
on the reward function R = Rdiv + Rrep + Rrel. The states
orrespond to the probabilities p(·) of frame selection (i.e., the
onfidence scores S), and the actions are performed over S using
a Bernoulli distribution. The derivative of the learning objective,
i.e., the expected reward, under the policy π to be maximized
w.r.t. the parameter ξ is:

∇ξ J(ξ ) = Ep(A|π (S;ξ ))[R
K∑

k=1

∇ξ logπ (ak|sk; ξ )], (7)

where ak indicates the action being selected given the state of
sk. We further add a regularization term Lϕ on the predicted
confidence score sk:

Lϕ =
1
K

K∑
k=1

∥sk − s̃k∥2, (8)

where s̃k indicates the ground-truth score for each frame. Thus,
with the learning rate α, the optimization of the parameter ξ is:

ξ = ξ − α∇ξ (−J(ξ ) + Lϕ). (9)

The predicted key frames are further transformed to key shots by
using the same KTS method [49] as in Section 3.2.3, which cuts
the video mainly based on motion information. The threshold ρ i

ϕ

which determines the key task-specific segments for each task is
experimentally set via a grid search.

3.4. Fine-grained summarization

3.4.1. F-summ network
Given the task-specific summaries Vtask, the robot further ob-

tains fine-grained information using F-summ by focusing on mov-
ing instances and provides better comprehension between human
actions and objects within the task. In our work, we mainly focus
on the pick_place task that aims to learn people’s habits for
cleaning tables by moving different types of objects to certain
positions.

The pipeline for F-summ is shown in Fig. 5. Given the in-
put Vtask, it first fine-tunes the pre-trained Faster R-CNN [53]
with a VGG-16 [54] backbone on the ImageNet dataset [55] for
instance detection. Here in the pick_place task, two classes
of objects are defined that need to be cleaned: cup and fruit
(e.g., pomegranate, orange, lemon and peach). Then a multi-object
tracking module, the Markov Decision Process-based (MDP)
tracker [56], is used to obtain the multi-object motion patterns.
Next, we take the first and the last regions in each tracking
sequence, and use them as the candidate instance-motion clips
X = {xj}mj=1. m is the total number of the clips, and xj =

{ts, te, bs, be
}, with ts and te the temporal locations, and bs and be

the spatial locations for the start and the end of each clip. After-
ward, the ResNet-152 feature extractor [46] is applied to obtain
context-aware feature representation that capture the locations
and the neighboring information by expanding each bounding
box to 2 times of its original size. The feature representation for
the candidate clips are denoted as {fs, fe} that can be viewed as
sequences, where fs = {f js }mj=1 and fe = {f je }mj=1. A LSTM Encoder–
Decoder [57] in the end takes as input each clip representation
and outputs the reconstruction errors.

3.4.2. Model optimization
We propose an unsupervised offline training method to ef-

fectively capture the motion information for key clip prediction.

Similar to [38], static clip representations are used as the offline
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Fig. 5. The architecture of F-summ for generating fine-grained motion patterns. Given the task-specific segments, it applies Faster R-CNN, MDP tracker and ResNet
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raining data. We randomly select a bounding box from the
nput Vtask, extract its feature representation, and make a copy
of this feature vector. Afterward, the two vectors are stacked and
considered as a static clip. During the offline training, the model
could not only acquire the general information about the scene in
videos, but also obtain the reconstruction capability for different
input clip features. This allows a better differentiation of ‘‘moving
clips’’ that specifically contain key motion patterns which will be
detailed later in Section 3.4.3.

As shown in Fig. 5, the LSTM Encoder–Decoder model is
rained to optimize the encoder and decoder parameters θen and
de by minimizing the reconstruction error. The learning objective
an be defined as the mean squared error between the input
equence representation fs, fe and the corresponding synthesized
equence representation f̂s, f̂e in the static training data:

rg min
θen,θde

Lψ (fs, fe, f̂s, f̂e) =
1
m′

m′∑
j=1

(∥f js − f̂ js ∥
2
2 + ∥f je − f̂ je∥

2
2), (10)

here f̂s = {f̂ js }m
′

j=1 and f̂e = {f̂ je }m
′

j=1 with m′ corresponding to the
umber of training clips. We further follow [38] and add a spar-
ity constraint by using a Kullback–Liebler (KL) divergence [58]
enalty. This forces the D dimensional hidden state vector h ∈ RD

o be sparse and representative. The KL divergence is defined as
ollows:

L(ϵ ∥ ĥ) = ϵlog
ϵ

ĥ
+ (1 − ϵ)log

1 − ϵ

1 − ĥ
, (11)

here ϵ is the sparsity parameter which we set to a small value of
.05 as suggested in [59]. ĥ =

∑D
d=1 h

d is the value averaged over
all D dimensions of the hidden state h, and hd is the dth dimension
f hd.
Combining Eqs. (10) and (11) yields the final learning objective

f F-summ:

rg min
θen,θde

Lψ (fs, fe, f̂s, f̂e) + KL(ϵ ∥ ĥ). (12)

n this way, the model is trained to learn motion patterns in order
o predict key clips for robot which represent human behavior.

.4.3. Key clip prediction
Given all the m candidate clips, we feed them into the trained

odel and obtain the predicted reconstruction errors r = {r j}mj=1,
hich can be regarded as the importance scores. During the

nference, a clip with high reconstruction error is considered as
key clip, since its feature contains rich motion information that
annot be reconstructed well for the model which learned from
tatic clip features. A threshold ε is experimentally set via a grid
earch for the robot to generate all the key instance-motion clips
key.
In this way, after the coarse-to-fine video summarization

cheme, the final produced summaries X can help the robot
key s

6

o learn knowledge in order to perform the table cleaning task.
e will detail how the summary results can be ‘‘transformed’’ to
nowledge and how the robot can learn to perform the desired
ick_place task in Section 3.5.
Note that, during the stages of generic and task-specific sum-

marization, the video contains the contents of human doing mul-
tiple activities (tasks). For the fine-grained summarization, the
focus is narrowed down to one pick_place task in our work.
Thus, for the robot learning, we mainly focus on teaching the
robot to perform the pick_place task. In future work, this could
be extended to other tasks in people’s daily routines.

3.5. Object-centric robot learning

We propose an object-centric learning method for the robot
to ‘‘transform’’ the generated summaries to robot control and
perform the desired table cleaning task. It focuses on object
movements which can represent human behavior patterns and
does not require any prior knowledge of human motion.

Specifically, in the pick_place task, the robot aims to learn
eople’s habits of cleaning the table, in order to bring people
onvenience and comforts in daily life. The goal is to first detect
ifferent types of objects that are randomly placed on the table,
hen decide whether the objects are at the correct positions, and
inally move those which are not at ‘‘correct’’ locations to the
earned desired positions. This relies on the knowledge obtained
rom the coarse-to-fine summarization, and in the following, we
ill introduce the process of how the robot learns from the
ummaries and how the desired task can be performed.

.5.1. Object detection
Our robotic system is shown in Fig. 6. It consists of a Kinect

GB-D sensor as the vision system and a Kinova Jaco robotic
rm which is mounted on the table. The Kinect RGB-D sensor
ontains a RGB camera and a depth sensor for providing both
olor images and depth images. The depth sensor consists of a
et of infrared transmitters and receivers, and can reconstruct the
epth information using structured light techniques. The Kinova
aco robotic arm is a 7-DOF lightweight bionic manipulator, and is
quipped with a three-finger gripper. The key parameters in the
inect camera and the robotic arm are shown in Table 1. The RGB-
sensor next to the table is placed to have the best yet practical
iew so that most part in the scene will not be occluded during
he arm movements.

The object detector we use is the same as in Section 3.4.1. We
ine-tune the Faster R-CNN [53] with a VGG-16 [54] backbone
hich has been pre-trained on the ImageNet dataset [55]. It
ims to detect two classes of objects: cup of different sizes and
olors and fruit including peach, pomegranate, orange and lemon.
o better learn the visual difference, we use the four fine-grained
ategories in the fruit class as annotations and regard them as one
ingle fruit class for the final detection results. The examples of
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Fig. 6. Robotic system setup for experiments. A Kinova Jaco robotic arm is
mounted on the table with a Kinect RGB-D sensor next to the table as the
vision system.

Fig. 7. The example of different objects and their fine-grained class annotations.
We use fine-grained annotated classes for fruit: peach, pomegranate, orange and
lemon in order to better learn their visual difference.

Table 1
The key parameters in the Kinect camera and the robotic arm.
Kinect camera Robotic arm

Degree of freedom 7 dof Resolution 640 × 480
Total weight 5.5 kg Horizontal field of view 57◦

Reach 98.4 cm Vertical field of view 43◦

Maximum payload 2.4 kg Depth range 1.2–3.5 m
Maximum linear arm speed 20 cm/s Frame rate 30 fps

different classes of objects are shown in Fig. 7. Note, the current
robotic vision system configuration aligns with the one during the
coarse-to-fine summarization, such that the view of the camera
is considered fixed.

3.5.2. Learning desired positions
Based on the summarized key instance-motion clips Xkey that

aintain motion information for different objects when people
lean the table, it allows the robot to collect the target positions
or different classes of objects. That is, the robot learns where it
hould place the object from coarse-to-fine summarization. Note,
n this pick_place task, we propose to equip the robot with the
earning capability of detecting the specific objects and their cor-
esponding desired positions. However, the skills that the robot
s able to learn are not only limited to this, and the multi-stage
ummarization scheme provides useful additional knowledge in-
luding the intermediate results Vkey and Vtask, which can be
xtended to other tasks.
7

We first obtain the pixel coordinate values of the bounding
oxes in each end frame of Xkey, then obtain the coordinates of

the bottom-center of each rectangle as the desired position dµ.
Despite the assumption that people tend to move the same class
of objects to the same spot, the locations may not be precisely
the same at each time. Thus we adopt a K-means clustering algo-
rithm [60] to find the optimal positions for each class of objects
as the desired locations. K-means aims to take D samples and
partition them into C clusters by minimizing the total inter-class
variance as:

min
D∑
µ=1

C∑
ν=1

ηµν∥dµ − cν∥2, (13)

where dµ represents each sample, cν is the centroid for each
cluster, and ηµν ∈ {0, 1} is the indicator, where ν denotes which
of the C clusters dµ is assigned to. Thus each cluster centroid
cν is applied as the target position for the corresponding class
of the objects. Note, the locations that the model learns are all
2D coordinates from 2D visual data for a lower computational
complexity instead of using 3D data.

3.5.3. Robot control
Based on the knowledge learned from the generated key sum-

maries via coarse-to-fine summarization, the robot is then auto-
matically controlled to complete the desired pick_place task
through the environment perception. Fig. 8 shows the pipeline
of the robot control. Specifically, the robotic arm and the Kinect
sensor are activated first. Then we make use of the trained object
detector in Section 3.5.1 for two-class object detection (i.e., cup
and fruit), which are to be moved on the table, and further get the
3D coordinates (namely the source positions) from point cloud
data with respect to the Kinect camera. The position of each
detected instance is denoted as (xs, ys, zs), which is selected on
the bottom-center of the bounding box.

For each detected instance, the learned desired position (i.e.,
the 2D position cν in Section 3.5.2) is transformed to 3D Kinect
camera coordinates as the target position (xt , yt , zt ), and cν =

(xt , yt ). Next, with preprocessed robotic hand-eye calibration [61,
62], which computes the relative 3D position and orientation
between the Kinect sensor and the robotic arm sensor, the source
and target 3D coordinates for the robotic arm can be mapped and
obtained (denoted as (x′

s, y
′
s, z

′
s) and (x′

t , y
′
t , z

′
t ), respectively). Af-

terward, the robotic arm is automatically controlled to approach
and grasp the object, and move the objects to their corresponding
desired positions. After the robot movements, we directly take
the 2D coordinates of the placed object in Kinect camera view,
denoted as ĉν = (x̂′

t , ŷ
′
t ).

3.6. Discussion

For the pick_place task, intuitively the robot could perform
table cleaning directly via instance detection with the given target
positions for different objects. However, this would require much
prior knowledge of human motion. Besides, the objects that need
to be cleaned have to be strictly pre-defined. Our proposed robot
learning algorithm instead integrates coarse-to-fine video sum-
marization and allows the robot to collect and learn knowledge
for individual skills in real-world tasks. Its ‘‘knowledge base’’
can also be expanded to multiple tasks instead of the specific
one. Without this summarization mechanism, the knowledge to
perform different tasks would have to be manually annotated and
defined for the robot, which may reduce the learning robustness
and flexibility. Moreover, the intermediate summary results make
it possible to reuse and focus on the content of a new task that
resides in the selected key frames Vkey and object-centric learning
can further easily allow the robot to learn new tasks.
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Fig. 8. Pipeline of the robot control for the pick_place task. The robot first obtains the 3D source coordinates and the transformed 3D target coordinates. After
and-eye calibration, the corresponding source and target positions in the robotic arm frame are obtained. Then the robotic arm can be automatically controlled and
omplete the movements.
. Experiments

We first introduce the experimental setups and the evaluation
etrics for different phases of human behavior learning for the

obot. Then the results of the multi-stage video summarization
re presented for the robot to learn the knowledge. Afterward,
e detail both the quantitative and the qualitative analyses of
he robot control for performing the pick_place task.

.1. Experimental setup

.1.1. Dataset
To evaluate the proposed method for object-centric learning

f human behavior for robots based on coarse-to-fine summa-
ization, we conduct experiments in office scenes where the
ideos were all recorded with people doing different activities in
he office/meeting room. In total, we collected 75 videos which
n average contain 1700 frames and have a length of 1 min.
ig. 9 shows some examples in our dataset. The motions of
he persons are every-day actions, for example, getting_seated,
sing_the_laptop, reading_the_paper, drinking_water, as well as the

two actions cleaning_the_table and tidying_the_chairs, etc. We ad-
itionally provide the human annotations where the sources are
rom different levels of inputs, i.e., all the video frames V , all the
ey frames Vkey, and all the candidate instance-motion clips X ,
n order to better validate the proposed method and evaluate the
erformance of learning human behavior for robots.

.1.2. Evaluation metrics
In order to evaluate the overall framework, we introduce

valuation measures for each of the different components in the
roposed pipeline.

• For G-summ, we adopt the commonly used Precision (Pre),
Recall (Rec) and harmonic F-measure (F ) metrics as follows:

Pre =
overlap duration between A and B

duration of A
,

Rec =
overlap duration between A and B

duration of B
,

F =
2Pre · Rec

× 100%,

(14)
Pre + Rec
8

Fig. 9. Example of the collected dataset which includes people doing different
activities, e.g., using_the_laptop, and tidying_the_chair, etc.

where A is the predicted summary and B is the ground-truth
summary. B consists of temporal segments after transform-
ing the frame-level summaries to shot-level segments via
KTS in Section 3.2.3.

• For T-summ, due to the fact that some videos may not
contain segments that are particularly related to a certain
task, it is invalid to use the same metrics as G-summ. Thus
we adopt Accuracy (Acc) as follows:

Acc =
#matched segments
#total segments

, (15)

where ‘‘#matched segments’’ denotes the number of seg-
ments where the prediction and the ground-truth agree.
‘‘#total segments’’ is the total number of segments in the
input Vkey.

• For F-summ, we adopt Precision (Pre), Recall (Rec) and F-
measure (F ) as the metrics for evaluating the predicted key
instance-motion clips. Different from G-summ, this aims to
quantify the similarity between different clips (each con-
tains two feature vectors). Thus, Pre, Rec and F score which
are computed based on the matched pairs between the
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Fig. 10. Qualitative examples for G-summ, where the frames of red outlines are selected key frames, and the frames of gray outlines are not selected (the numbers
isplayed on the top left of frames are frame numbers).
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prediction and the ground-truth can be defined as:

Pre = TP/(TP + FP),
Rec = TP/(TP + FN),

F =
2Pre · Rec
Pre + Rec

× 100%,
(16)

where TP , FP , and FN denote the number of true positives,
false positives, and false negatives, respectively.

• For object-centric robot control, we use the average Eu-
clidean distance which is defined as:

D =
1

|O|

O∑
o=1

∥coν − ĉoν∥2, (17)

where |O| is the number of objects between the learned
desired position coν and the actual position ĉoν for each
object that is placed by the robotic arm for evaluating the
performance of robot control.

.1.3. Implementation details
For G-summ, the 2048-dimensional feature vectors are first

ncoded to two 256-dimensional vectors using a Bi-LSTM and a
TR, and further transformed to a 2048-dimensional output with
dropout rate of 0.5 and 1-dimensional output using a FC layer. In
he discriminator, two Bi-LSTMs encode different summary/video
mbeddings to 256 dimensions, that are later transformed to a
-dimensional output using a FC layer with shared parameters.
he dropout layers have a dropout rate of 0.5, and LReLUs have a
egative slope of 0.2.
For T-summ, the 2048-dimensional feature vector and the 300-

imensional text vector are transformed into 300-dimensional
utputs, respectively. Afterward, a Bi-LSTM embeds the con-
atenated vector to 256 dimensions and further produces a 1-
imensional prediction using a FC layer. For the mapping mech-
nism, the 2048-dimensional feature vector is transformed to
024 dimensions using a FC layer, and is then projected to 300
imensions after another FC layer. The dropout rate is 0.2, and
he negative slope of the LReLU is 0.5.

For F-summ, the 2048 dimensions of the visual feature are
ncoded to 256 dimensions. We collect 275 extra images that
re not included during key instance-motion clip training, to
earn the object detector via fine-tuning. On average, each class
f objects (cup, peach, pomegranate, orange and lemon) has 200
amples in 275 images, and we randomly select 220 images for
9

able 2
erformance and efficiency comparisons to a state-of-the-art method for generic
ummarization (Train is the time cost of training for each iteration, and Test is
he average time cost of testing for each input video).
Method Pre Rec F Train (s) Test (ms)

[36] 68.81 91.76 77.55 374.99 535.66
Ours 67.00 93.20 76.97 371.34 472.68

fine-tuning, and 55 images for testing. The detector we chose
reaches a mean Average Precision (mAP) of 99.81% after 3000
fine-tuning epochs.

The summarization models are implemented in Tensorflow
[63]/PyTorch [64] and trained on a Tesla V100 GPU. For G-summ
and T-summ, we use 60 videos for training and 15 videos for
testing where the same video segments are used. For F-summ,
we obtain 4839 candidate clips, with 4741 clips for training in
an unsupervised manner and 98 clips for testing. Object-centric
learning is performed on a GTX 1080 GPU.

4.2. Experimental results

In order to demonstrate the effectiveness of the proposed
approach, we present the quantitative and qualitative results of
the robot performing the desired table cleaning task as well as
the intermediate summarization results.

4.2.1. G-summ results
We conduct the experiments for G-summ and compare to a

state-of-the-art method [36] for generic summarization which
is the work most similar to our own. The performance and the
efficiency comparisons are shown in Table 2, where Train is the
time cost of training for each iteration, and Test is the average
time cost of testing for each input video. On average, G-summ has
an F score of 76.97%, an average Pre of 67.00% and an average Rec
of 93.20%. Though the performance of Pre and F achieved in [36]
slightly outperforms ours, we can observe that our model has
higher training and testing speed due to the lower complexity.

Two qualitative results of G-summ can be seen in Figs. 10 and
1, where the frames outlined in red denote the selected key
rames, and in gray are not selected. Note the number displayed
n the top left of each frame is the frame number. In Fig. 10, the
elected summary contains the frames of the person, for example,
ntering the room, cleaning the table, grabbing the phone, getting
he bottle to fill the water, etc. The trivial ones are, for example,
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Fig. 11. Qualitative examples for G-summ, where the frames of red outlines are selected key frames, and the frames of gray outlines are not selected.
Fig. 12. Qualitative examples for T-summ. It shows some frame samples in the selected segments with respect to the pick_place (top) and the tidy_chair
bottom) tasks.
s

Fig. 13. The intermediate instance detection results for fine-grained summariza-
tion. Rectangles of different colors represent cup, pomegranate, peach, orange and
emon instance classes, respectively.

he frames of the person writing which have little movements,
nd the ones that only consist of the background scene, etc. In
ig. 11, the frames of the person tidying the chair are predicted as
he key information, while the frames that have no human actions
re not selected in the summary. In this way, it provides the key
10
frame selection that is independent to different tasks at the first
generic summarization stage.

4.2.2. T-summ results
We take the predicted generic summarization results as the

input, and feed them into T-summ to further produce summaries
that are specifically related to certain tasks. In this way, different
input task selectors can result in the according task-specific
video segments. Results of a comparison to a state-of-the-art
method [44] are shown in Table 3, where T denotes the number of
total video segments and M1, M2 are the numbers of the matched
segments for the pick_place and the tidy_chair tasks, re-
pectively. Acc1, Acc2 represent the accuracy (Acc). Specifically,
for all 217 video segments for each task, our method obtains
187 and 212 matched segments and achieves Acc of 86.18% and
97.70%, respectively, which is 2.77% and 0.46% higher than [44].
Besides, our model has higher training and testing speed, which
further demonstrates that with fewer parameters and lower com-
plexity, it is more robust to learn via a small amount of data in
our setting that is specifically captured in an office environment.

Qualitative results are provided in Fig. 12, where the frame
samples of the video segments that are closely related to a certain
task are selected, while the segments that are irrelevant to these
desired tasks are not selected. In this way, different input task

selector can result in the according task-specific video segments,
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Fig. 14. The intermediate multi-object tracking results for fine-grained summarization (the numbers displayed on the top right of frames are the frame numbers).
Table 3
Performance and efficiency comparisons to a state-of-the-art method for task-
specific summarization. Map is the time cost of mapping mechanism for each
iteration, Train and Test represent the average time cost of training T-summ for
each iteration and testing for each input video, respectively.
Method Acc1 Acc2 T M1 M2 Map (s) Train (s) Test (ms)

[44] 83.41 97.24 217 181 211 1.37 18.10 60.59
Ours 86.18 97.70 217 187 212 1.03 15.51 51.22

which provide compact information for further fine-grained sum-
marization. Besides, this is not limited to the above tasks and a
wider range of tasks can be included in the future.

4.2.3. F-summ results
Given the generated task-specific summaries, we further use

-summ to focus on the fine-grained instance-motions and obtain
ey contents of the pick_place task. This detailed and mean-
ngful instance-motion knowledge benefits the robot to learn
eople’s habits when cleaning the table. In our experiments, in
otal we obtain 98 candidate instance-motion clips by instance
etection, multi-object tracking, and context-aware feature ex-
raction sequentially. The intermediate detection and tracking
esults as well as the candidate clips are shown in Figs. 13, 14
nd 15.
The instance detection examples are shown in Fig. 13 of cup

blue rectangles), pomegranate (pink rectangles), lemon (orange
rectangles), peach (purple rectangles) and orange (yellow rectan-
gles) instances. Then the detected 5 classes are combined to the
two final classes: fruit and cup. The multi-object tracking results
can be seen in Fig. 14, where the number displayed on the top
right of each frame is the frame number. Based on the tracking
results, it further takes the first and the last regions in each
tracking sequence as the candidate instance-motion clips. This
ensures that the motion information can be better discovered,
and the computational complexity is also reduced. The obtained
instance-motion clips are shown in Fig. 15. Note, since all kinds
of fruits/cups of different appearances are regarded as the single
fruit/cup class, there are the cases where multiple fruit/cup in-

stances are in the region (i.e., the bottom clip example in Fig. 15),

11
Table 4
Performance and efficiency comparisons to a state-of-the-art method for fine-
grained summarization (Train is the time cost of training for each iteration, and
Test is the time cost of testing for all the candidate clips).
Method Pre Rec F Train (s) Test (s)

[38] 96.74 95.70 96.22 39.96 10.97
Ours 98.88 94.62 96.70 2.94 0.57

Fig. 15. Two examples of instance-motion clips, that are based on the maximum
match to find the well-matched pairs between the first and the last regions.
Arrows of different colors represent the matched pairs via tracking. Here we
present the regions in the original frame instead of only the cropped regions
for better visualization.

which may cause the data association problem of linking different
instance detection. In order to address the above issue, we adopt
the maximum match that is computed over the length-width
ratio of each bounding box, and obtain the well-matched pairs
in a simple yet effective way.
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Fig. 16. The clustering results for fruit and cup classes in table cleaning task.
The red and pink dots are the desired positions during training, the black crosses
are the learned centroids, which have the coordinates of (193, 434) and (412,
433), respectively.

Fig. 17. Two examples of the actual positions for the robot to clean fruit and
up instances. The gray dots are the obtained desired positions during training.
he black crosses are the learned centroids, and the blue pluses and the pink
ircles are the resulting coordinates.

We further compare our results to a state-of-the-art method
38] for fine-grained summarization. The performance and the
fficiency comparisons are shown in Table 4, where Train is the
ime cost of training for each iteration, and Test is the time cost
f testing for all the candidate clips. For all 98 testing clips, F-
umm achieves Pre of 98.88%, Rec of 94.62% and F score of 96.70%
hich are comparable to [38], and is generally highly efficient
ith regard to training and testing time.

.2.4. Robot control results
The robot learns the desired positions for fruit and cup classes

f objects from summaries using the K-means algorithm, and the
lustering results are shown in Fig. 16. Each cluster centroid is
pplied as the target position for the corresponding class of the
12
objects and each colored dot represents the corresponding de-
sired position for different objects. In the figure, the red dots are
denoted as fruit class, pink as cup class. The two cluster centroids
have the coordinates of (193, 434) and (412, 433), respectively.

After performing hand-eye calibration, the robot is tasked to
clean the table based on the learned human cleaning habit from
coarse-to-fine summarization. On average, it takes 0.2–0.3s for
the robot to detect different instances on the table, and the
whole cleaning procedure takes around 1 min to complete. We
place different objects on the table at random positions and let
the robot perform table cleaning. Two robot control results are
shown in Fig. 17, where ‘‘Results 1’’ and ‘‘Results 2’’ denote the
actual positions for each object after it has been placed by the
robotic arm. Here the gray dots (for better visualization) repre-
sent the obtained desired positions during training. The centroids
coordinates (the black crosses) for the two instance classes are
(193, 434) and (412, 433). The first resulting coordinates (the
blue pluses) are (195, 418) and (428, 429), which have a small
average distance of 16.31 to the centroids (the desired positions).
The second resulting coordinates (the pink circles) are (199, 417)
and (426, 434), which have a small average distance of 16.04
to the centroids. Moreover, as we can see, the actual placed
coordinates are within the area of the gray dots, which can
demonstrate the effectiveness of robot control using the proposed
method.

The two qualitative results of the robot performing table
cleaning are provided in Figs. 18 and 19, where the number
displayed on the top right of each frame is the frame number.
In Fig. 18, the robot cleans a pink cup and an orange, and in
Fig. 19, the robot cleans a white cup and a peach. Specifically,
the robot first detects the objects of cup and fruit classes on
the table which are to be cleaned, then grasps each object and
places them to the learned expected positions sequentially. This
demonstrates that through the learned knowledge from coarse-
to-fine summarization and object-centric learning manner, the
robot can learn to perform the pick_place task by grasping
nd moving instances of cup and fruit classes to their desired

positions. In this way, it automatically helps people with their
daily routine in the office and provides people with convenience
and comforts.

5. Conclusion

We propose a novel method to enable robots to learn from
human behavior based on a multi-stage video summarization
and object-centric learning approach using a single Kinect cam-
era. It first obtains information of general interest, followed by
a task-specific information retrieval, then focuses on the fine-
grained object-motion clips. Finally, the summaries of the visual
data allow the robot to learn the knowledge needed to perform
the required tasks through an object-centric learning approach,
which does not require any prior knowledge. Our work is the
first to investigate the use of multi-stage summarization to enable
a robot to learn directly from human behavior, and both the
intermediate and the final results demonstrate the effectiveness
of the proposed approach, both in terms of accuracy and inference
time.

In future work, we will investigate techniques to perform ad-
ditional tasks by understanding the relations between the actions
and the environments as well as obtaining better performance for
the robot to learn human behavior.
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Fig. 18. Qualitative results of the robot performing table cleaning (the number displayed on the top right of each frame is the frame number). The robot is learned
to grasp and move the pink cup and the orange to their desired positions via the obtained knowledge.
Fig. 19. Qualitative results of the robot performing table cleaning. The robot is learned to grasp and move the white cup and the peach to their according desired
positions via the obtained knowledge.
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