2016년 한국컴퓨터종합학술대회 논문집

Human Activity as a Sequence to Sequences Representation
Patrick Emaase , Beom-Jin Lee , Byoung-Tak Zhang
1School of Computer Sci. & Eng., 2Brain Science Program, 3Cognitive Science Program,
Seoul National University
1

1

1,2,3

Abstract
Sequence to sequence learning epitomizes the candid advancement in supervised learning. Currently most applications
suffice single modality learning unlike to real life scenarios that integrates and combines multimodalities coherently.
Sequence to sequence multimodality joint representations unearths potential to learn new facets of objectives in human
activity recognition, hereby referred to as intentions. In this paper we endeavor to naturally express activities as sequences
(input hierarchies) in order to learn intentions (feature map) as basis for learning personalized behavior in a robust manner.
We propose a novel framework CR-CNN (Coherent Recurrent Convolutional Neural Network) to learn intention and
smoothen outlier. We show empirical evidence to support our claim regarding the ability to use sequences of activities to
learn, infer and predict intention thereby enabling personalization of a behavior.

1. Introduction
Transferred personalized life-log (hereby referred to as behavior)
has been identified as indispensable requirement for human-like
intelligent robots. Currently various non-obtrusive systems and
devices collect human activity ardently on daily basis but limited
techniques are able to learn, infer and predict human behavior
from a set activities performed. Recently, sequence to sequence
(seq2seq) learning (Sutskever, et al., 2014)
Accurate and automatic recognition of human’s activities
Human action, captured through RGBD camera, can be described
as a purposeful single period of unique human motion pattern that
has unique predetermined intention. Hence are diverse, invariant
and complex. It therefore described sequence of consecutive
human body poses with specific predictive objective often
referred to as intention. The sequences of moves to achieve action
is occur in a specific configurable discrete manner that can
provide insightful information to learn, infer and regenerate
human activity map automatically. Coupled with Most existing
work relies on heuristics hand-crafted features [Yang, J. B., et al.,
2015] as a source of features to learning hidden states. The
sequences of motions often provide input features that can be
learn human activity patterns however they are heuristic and task
dependent [Yang, J. B., et al., 2015].
Intention and predictions are intertwined. Often inherent
intention is used to predict human behavior. People tend to desire
a human-like companion capable of recognizing and responding
to their respective tasks thereby support their ambient living. This
will motivate and encourage them with “feel-good” phenomena
while executing activities. For many applications it is important
to be able to detect what a human is currently doing as well as
anticipate what she is going to do next and how. There are many
applications areas including monitoring and surveillance, but we
need the latter for applications that require reactive responses.
In this paper, our goal is to use anticipation for predicting future
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activities as well as improving detection (of past activities). There
Fig. 1: Experimental set-up activities are pipelined to collect
intentions. L.A.O – Locaion-Activity-Object association (input
to CNN). Intention is the output of smoothed CNN + LSTM
Learning through backprogropagation
has been a significant amount of work in detecting human
activities from 2D RGB videos from inertial/location sensors, and
more recently from RGB-D videos. The primary approach in
these works is to first convert the input stream into a spatiotemporal representation, and then to infer labels over the inputs.
These works use different types of information, namely skeleton
data from RGB, Location-Objects-Activity, interaction with
objects, object shape and appearance features. However, these
methods can be used only to predict the labeling of an observed
activity and cannot be used to predict intention as without
modification as illustrated in figure 1.
Our goal is to predict the future activities as well as the details of
how a human is going to perform them in short-term (e.g., 1-10
seconds). For example, if a robot has seen a child move his hand
towards a book, it is possible he would move the book to a few
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Where 𝑔(𝑥) = 1/(1 + exp ( −𝑥) ) is a logistic function and
𝑍(𝜃) = ∑𝑖 exp[−𝐸(𝑥|𝜃)] is a normalizing constant.

potential places such as his hands, to a bookshelf or just move it
to a different location on the table (spatio-activity linkage). If a
robot can anticipate this, then it would rather not start executing
the most probable activity learnt and scheduled previously. This
will avoid delays and proactively saving activity time. This
scenario happens in several other settings for example in elderly
care where a robot can anticipate a person’s intention, plans an
execution plan and executes activity in a pipelined manner.
The main contributions of this paper are
 While most previous works consider activity detection, we
consider learning, inferencing and anticipation.
 We consider rich contextual relations based on object
affordances in RGB-D skeleton videos.
 We propose Deep Hierarchical Hypernetwork Activity Map,
where each particle represents a CRF.
 We consider joint temporal segmentation and labeling using
our approach.

Contrastive Divergence Learning
The maximum likelihood estimate of parameter 𝜽 = {𝑾, 𝒂, 𝒃}
of an RBM can be obtained iteratively using a gradient-based rule
with learning rate  as shown step-by-step procedure below:
𝑤𝑖𝑗 ← 𝑤𝑖𝑗 + 𝜂[{𝑣𝑖 ℎ𝑗 }𝑑𝑎𝑡𝑎 − {𝑣𝑖 ℎ𝑗 }𝑚𝑜𝑑𝑒𝑙]
(4)
𝑏𝑖 ← 𝑏𝑖 + 𝜂[{𝑣𝑖 }𝑑𝑎𝑡𝑎 − {𝑣𝑖 }𝑚𝑜𝑑𝑒𝑙]
(5)
𝑎𝑗 ← 𝑎𝑗 + 𝜂[{ℎ𝑗 }𝑑𝑎𝑡𝑎 − {ℎ𝑗 }𝑚𝑜𝑑𝑒𝑙]
(6)
Where {.}data is the expectation over the data distribution or
positive phase distribution, 𝑃(ℎ|{𝑣 (𝑡) }, 𝜃). can also be
represented as ≺. ≻. {.}model denotes the expectation over the
model or negative phase distribution, 𝑃(𝑣, ℎ|𝜃).
Learning Sequences from Trajectories
Once the location is sampled from the affordance heatmap, we
generate a set of possible trajectories in which the object can be
moved from its current location to the predicted target location.
We parameterize the cubic equations, in particular Bézier curves,
to generate human hand like motions

2. Deep Learning
To explore the intention we propose to use restricted Boltzmann
machine (RBM) which has visible input units (motion sequences)
𝑣 𝜖{0,1}𝐷 , which is connected to other layer of hidden stochastic
units ℎ 𝜖{0,1}𝐹 as shown in figure 2.

𝐵(𝑥) = (1 − 𝑥)3 𝐿𝑜 + 3(1 − 𝑥)2 𝑥𝐿1 + 3(1 − 𝑥)𝑥 2 𝐿2 +
𝑥 3 𝐿3 , 𝑥𝜖[0,1]
(8)
3. Sequence to Sequence Learning
Dynamic model provide appropriate solutions to sequential
learning problem to learn physiological response to multimedia
stimuli. The common ones are sliding window, recurrent sliding
windows, input-output Markov models, conditional fields and
graph transformer network.
3.1 Sliding Window Method
The sliding window algorithm converts the sequential
multisensory input into the classical supervised learning problem.
It uses a window classier that maps an input window of width w
into an individual output value y. For our case, input we are
features collected from multimedia stimuli exposure. Sliding
window is “half-width" of the window. For our case the width of
the window is five seconds with an overlap of 2.5 seconds. A
sliding window is therefore defined by a fixed number of recently
generated data elements which is the target of data mining. The
window classifier is trained by converting each training examples
into windows and then applying a standard supervised learning
algorithm through regression models.
Recurrent Sliding Windows
This is an improvement of sliding window method where the
predicted value is fed as an input to predict subsequent value. It
recursively improves the predictive quality of the systems. This
has been applied in various dynamic modeling environments to
model dynamic responses. It has the ability to improve the quality
of results.
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Figure 2: Restricted Boltzmann Machine
The distribution of states {v,h} of an RBM for learning intentions
can be illustrated as follows:
𝐹
𝐷
𝐷
𝐸(𝑣, ℎ|𝜃) = − ∑𝐷
(1)
𝑖=1 ∑𝑗=1 𝑤𝑖𝑗 𝑣𝑖 ℎ𝑖 − ∑𝑖 𝑏𝑖 𝑣𝑖 − ∑𝑖 𝑎𝑗 ℎ𝑗
where W represents the visible-to-hidden weights matrix
consisting of weights 𝒘𝒊𝒋 of connections between the neurons 𝑣𝑖
and ℎ𝑗 , b represents a visible bias vector and a represent a hidden
bias vector. 𝜽= {W,a,b} represents a set of all parameters.

The conditional distribution of the hidden vector h given be
visible human activity sequence segment can be derived from (1)
using 𝑝(𝑥|𝜃) = exp[−𝐸(𝑥|𝜃)] /𝑍(𝜃) as shown in (2)
𝑝(ℎ𝑖 = 1|𝑣) = 𝑔(∑𝑖 𝑤𝑖𝑗 𝑣𝑖 + 𝑎𝑖 )
𝑝(ℎ𝑗 = 1|ℎ) = 𝑔(∑𝑗 𝑤𝑖𝑗 ℎ𝑗 + 𝑏𝑖 )

(2)
(3)
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environment need to be explored. Wearables are on the rise,
hence there is a need to understand spatio-temporal responses
through further research.
Overall, we found that there are different intentions have unique
learnable patterns. Machine learning provides robust method
model intentions automatically.
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Conditional Random Fields
They were introduced to try to overcome the label bias problem.
In the CRF, the relationship among adjacent pairs is modeled as
a Markov Random Field conditioned on the x inputs. In other
words, the way in which the adjacent values influence each other
is determined by the input features.
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Figure 3: Joint Augmented Context

Figure 4: Extracted Depth motion Histograms for learning
4. Experimental Results
Seventeen neurologically healthy participants (8 males and 7
females), aged between 20 and 29 (mean 24.04, standard
deviation 2.29), undergraduate or graduate students, participated
in the experiment. All participants could clearly understand the
stimuli mode of communication. This was supported by their
respective response to stimuli.
Experimental Setup
We collect data to learn this model in a pipelined manner (Fig. 1).
To achieve this, the mobile robot is follows a ‘child’ recognizing
and tracking the activity. It also records related objects in the
room. For example, vision data will be collected with a camera
and other child’s status will be collected as a ground truth by
human annotator. The input and output schedule data is
handmade script, which describes the robot’s entire behaviors.
Discussion and recommendation
Results from figures 3 and 4 show that prediction is possible and
feasible. This is confirmed by the respective values of CC, MAE
and RMSE. There is an increasing body of evidence supporting
the application of modeling of intention and responses since the
use of wearable and indeed ubiquitous devices. The results of
the experiments presented above indicate that intentions are
predictive hence can be generalized and learned autonomously.
Additional empirical work is needed, in order to establish
dynamic modeling of cognitive response to. Further studies to
elaborate dynamic physiological responses in a dynamic
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