
AFRL-AFOSR-JP-TR-2017-0056

Autonomous Learning of Task Skills and Human Intention for Enhancing Human Trust of Robot
Systems

Il Hong Suh
HANYANG INDUSTRY-UNIVERSITY COOPERATION

Final Report
07/15/2017

DISTRIBUTION A: Distribution approved for public release.

AF Office Of Scientific Research (AFOSR)/ IOA
Arlington, Virginia 22203

Air Force Research Laboratory

Air Force Materiel Command



a. REPORT

Unclassified

b. ABSTRACT

Unclassified

c. THIS PAGE

Unclassified

REPORT DOCUMENTATION PAGE Form Approved
OMB No. 0704-0188

The public reporting burden for this collection of information is estimated to average 1 hour per response, including the time for reviewing instructions, searching existing   data 
sources, gathering and maintaining the data needed, and completing and reviewing the collection of information. Send comments regarding this burden estimate or   any other 
aspect of this collection of information, including suggestions for reducing the burden, to Department of Defense, Executive Services, Directorate (0704-0188).   Respondents should be 
aware that notwithstanding any other provision of law, no person shall be subject to any penalty for failing to comply with a collection of information   if it does not display a currently 
valid OMB control number.
PLEASE DO NOT RETURN YOUR FORM TO THE ABOVE ORGANIZATION.
1. REPORT DATE (DD-MM-YYYY)
   18-07-2017

2. REPORT TYPE
Final

3. DATES COVERED (From - To)
14 May 2014 to 13 May 2017

4. TITLE AND SUBTITLE
Autonomous Learning of Task Skills and Human Intention for Enhancing Human Trust of 
Robot Systems

5a.  CONTRACT NUMBER

5b.  GRANT NUMBER
FA2386-14-1-0009

5c.  PROGRAM ELEMENT NUMBER
61102F

6. AUTHOR(S)
Il Hong Suh 

5d.  PROJECT NUMBER

5e.  TASK NUMBER

5f.  WORK UNIT NUMBER

7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES)
HANYANG INDUSTRY-UNIVERSITY COOPERATION
HAENGDANG 1DONG, SEONGDONG-GU, SEOULRM110. HIT, HANYANG UNIV. 17
SEOUL, 133-791 KR

8. PERFORMING ORGANIZATION
REPORT NUMBER

9. SPONSORING/MONITORING AGENCY NAME(S) AND ADDRESS(ES)
AOARD
UNIT 45002
APO AP 96338-5002

10. SPONSOR/MONITOR'S ACRONYM(S)
AFRL/AFOSR IOA

11. SPONSOR/MONITOR'S REPORT
NUMBER(S)

AFRL-AFOSR-JP-TR-2017-0056  
12. DISTRIBUTION/AVAILABILITY STATEMENT
A DISTRIBUTION UNLIMITED: PB Public Release

13. SUPPLEMENTARY NOTES

14. ABSTRACT
The PI's team proposed a framework in which a robot learns task skills enough to understand and execute a given task as reliably as 
possible. Motion significance and motion complexity measures that can be used to segment motion trajectories and assign MPWs (Motion 
Primitive Words) were implemented to accomplish this. The PI's team developed a method of regression of MPWs preserving motion 
significance to adapt, improve and/or reuse them. They also devised a method of representing pre- and post-conditions by analyzing 
motion significance of all possible object-object motion pairs and object-robot motion pairs. It was expected that a novel task skill can be 
acquired by compositionality of MPWs using working conditions represented by PDDL, and a robot can explain why the robot has to 
deploy a MPW under its current situation. This enhances human trust of robot systems. To show the validity of this framework, the team 
performed several experiments for learning task skills and social interaction skills for robots and digital avatars.
15. SUBJECT TERMS
Human Machine Trust

16. SECURITY CLASSIFICATION OF: 17. LIMITATION OF
ABSTRACT

SAR

18. NUMBER
OF
PAGES
  10  

19a.  NAME OF RESPONSIBLE PERSON
ROBERTSON, SCOTT

19b.  TELEPHONE NUMBER (Include area code)
+81-042-511-7008

Standard Form 298 (Rev. 8/98)
Prescribed by ANSI Std. Z39.18

Page 1 of 1FORM SF 298

7/18/2017https://livelink.ebs.afrl.af.mil/livelink/llisapi.dll



1 

Final Report for AOARD Grant No. FA2386-14-1-0009 R&D 14IOA111 

“Autonomous Learning of Task Skills and Human Intention 

for Enhancing Human Trust of Robot Systems” 

July 14, 2017 

Name of Principal Investigators (PI and Co-PIs): Il Hong Suh 

- e-mail address : ihsuh@hanyang.ac.kr 

- Institution : Hanyang University 

- Mailing Address : 409, IT&BT Building, 222, Wangsimni-ro, Seongdong-gu, Seoul, 04763, 

Korea 

- Phone : +82-2-2220-0392 

- Fax : +82-2-2281-3833 

Period of Performance:  05/14/2014 – 05/13/2017 

Abstract: We propose a framework in which a robot learns task skills enough to understand and exe-

cute a given task as reliably as possible. To accomplish this, we suggest motion significance and mo-

tion complexity measures that can be used to segment motion trajectories and assign MPWs (Motion 

Primitive Words). Next, we develop a method of regression of MPWs preserving motion significance 

to adapt, improve and/or reuse them. We also devise a method of representing pre- and 

post-conditions by analyzing motion significance of all possible ‘object-object’ motion pairs and ‘ob-

ject-robot’ motion pairs. We expect a novel task skill can be acquired by compositionality of MPWs 

using working conditions represented by PDDL. And, a robot can explain why the robot has to deploy 

a MPW under its current situation. This will enhance human trust to robot systems. To show the va-

lidities of this framework, we performed several experiments for learning task skills and social inter-

action skills for robots and digital avatars.  

Introduction: Usually, in a common workspace, humans will trust a robot system if the system shows 

the reliable task-dependent motions that humans expect. To develop such a system, two aspects need 

to be considered as follows: (1) the system is able to execute necessary task skills dependably and (2) 

a skill has to be chosen immediately according to human intention and/or working conditions. 

First, human trust can be increased if the robot is able to learn skill functionality enough to complete 

its task dependably from human experts. A task usually consists of a set of motion primitive words 

(MPWs). To understand such motion primitive words, let us consider an assembly example, “Insert a 

ring into a pole” task. In this example, a robot performs the task using a nominal sequence as follows: 

The robot first delivers a ring to a pole after picking it up. Next, it inserts the ring into the pole. Final-

ly, the pole is delivered to the human. Here, “Approaching”, “Picking”, “Delivering”, “Inserting”, and 

“Releasing” can be considered as the MPWs for the “Assembly insertion” task.  

The motion primitives and the sequence of motion primitives need to be modified or changed to re-

solve unexpected uncertainties and/or perturbations while the robot performs the task. Human trust in 

particular increases when the robot achieves its goals under such uncertainties and perturbations. For 

instance, i) if a robot can approach the objects by modifying the motion primitives of “Approaching” 

under different initial and goal configurations, ii) if the robot can re-grasp the objects by repeating the 

motion primitives of “Grasping” against the case that it fails to grasp the objects at its first trial, or iii) 

if the robot can grasp dropped objects by sequentially retrying MPWs “Approaching” or “Grasping” 

when it drops the objects, then the human will trust the robot. 

Second, human trust can be also improved if a robot selects a skill in accordance with human inten-

tion with any delays. In particular, a robot needs to understand human intention while interacting with 

a human for a co-operative task execution. The robot needs to learn signals that lead human intention 

which triggers for the robot to change MPW. Here, there will be learned relationships between MPWs 
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and human intention. The robot then chooses skills in accordance with the recognized human intention. 

For instance, suppose that a human wants to get a plain pole without ring. And suppose that at this 

instant, the robot is approaching a ring to pick up. If the robot detects a signal leading such human 

intention, then the robot immediately stops approaching, and pick up a plain pole without ring. In this 

case, the human trust will grow. 

During three years of period of performance, we worked on following four WorkStreams (WSs) to 

enable robots to learn and reuse motion primitives words(MPWs) replicating how humans learn and 

reuse MPWs as if humans can make composition of verbal words to generate a variety of sentences in 

linguistics:  

- WS #1: Segmentation of motion trajectories: Dividing motion trajectories into meaningful 

segments [1, 3, 6] 

- WS #2: Representation of motion primitives: Representing each motion segments as a word 

(MPW) [2, 7] 

- WS #3: Learning motion grammar: Performing a series of significance analysis by calculating 

associations between MPWs and surrounding objects in order to the target object [2, 3] 

- WS #4: Reorganization of MPWs to execute new tasks: Executing given tasks by leveraging 

(reuse, modify and/or adapt as necessary) listed procedures. [6, 7] 

 

 

Experiment: Before developing the four WSs, we first defined motion significance and motion com-

plexity measures: Motion significance is obtained by dividing temporal entropies by spatial entropies 

calculated from Gaussian mixtures. Motion complexity is computed by the averaged amount of mo-

tion significance in a set of demonstrations [3]. 

 

 
Fig. 1 The pouring task: (a) Quick pouring water into a bowl, which has a large-size mouth, (b) 

Normally pouring water into a cup, which has a medium-size mouth, and (c) Slow and cautious 

pouring water into a bottle, which has a small-size mouth. 

 

As shown in Fig. 1, fine-grained motions (see Fig. 1(c)) will show both small spatial entropies and 

large temporal entropies when compared with coarse-grained motions (see Figs. 1(a) and 1(b)). On the 

other hand, coarse-grained motions will show both large entropies and small temporal entropies when 

compared with fine-grained motions. Here, our motion significance and motion complexity measures 

are designed to attain large values, if the demonstrated motion is fine-grained as shown in Fig. 1(c) in 

comparison with coarse-grained ones [2, 7]. 

 

 
Fig. 2 Illustrations of motion primitives in the peg-in-hole task: (a) Approaching, (b) Falling, (c) 

Rubbing, and (d) Inserting, respectively. 

 

 

(WS #1) We proposed an autonomous segmentation technique in which segmentation points are ob-
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tained from Gaussian mixtures [1, 3]. Here, such Gaussian mixtures were learned and improved by 

considering motion significance and motion complexity. We evaluated our segmentation technique 

using TUM kitchen dataset and observed over 90% similarity compared to manual segmentation by an 

expert. And, we verified and extended motion significance and motion complexity measures to 

force/torque trajectories, as shown in Fig. 2 [3, 6]. 

 

 
Fig. 3 Results of motion regression in known and unknown locations while executing ‘Cookie 

Decoration’ task: the results of (a) conventional approach in known location, (b) our proposed 

approach in known location, (c) conventional approach in unknown location, and (d) our pro-

posed approach in unknown location, respectively. 

 

(WS #2) Next, we developed an optimization technique for motion regression by which a robot was 

able to adapt learned motion primitives in unknown locations, as shown in Fig. 3 [2, 7]. We also de-

vised a method to generalize motion primitives in such a way that motion significances are preserved 

when adapting and reusing those ones. A variety of Gaussian mixtures can be generated by using lin-

ear transform of the means (of Gaussian mixtures) and by adjusting eigenvalues and eigenvectors of 

the covariance (of Gaussian mixtures). 

(WS #3) MPWs are then associated with significant variables by analyzing motion significance. And, 

we determined which object the robot should pay attention to during motion trajectories to activate 

motion primitives by analyzing motion significances of all possible ‘object-object’ motion pairs and 

‘object-robot’ motion pairs. As a result, we found pre- and post-conditions for a task execution. Here, 

pre-condition and post-condition denote what has to be checked to activate motion primitives and 

what has been changed after executing the motion primitives, respectively [2, 3]. 

(WS #4) To make composition of our MPWs, we developed task planning system in which a new 

task can be planned by using motion primitive words (MPWs) and their pre- and post-working condi-

tions learned and collected from several different tasks. For this, we extracted semantic motion rules 

represented by PDDL [6, 7].  

 

 

Results and Discussion (I) [3]: We proposed two novel measures to specify motion significance and 

motion complexity from human motion trajectories. We showed that motion significance can be 

measured by considering both temporal entropy and spatial entropy of a motion frame, based on the 

analysis of Gaussian mixtures learned from human motions. Motion complexity is then calculated by 

measuring the averaged amount of motion significance involved in all time indexes of motion trajec-

tories. These two measures are devised to satisfy the requirement of neural complexity measure pro-

posed to attain small values for totally random or totally regular activities.  

To show that the proposed measures are consistent with our intuitive notion of motion significance 

and motion complexity, several human motions for drawing and pouring are analyzed by means of 

motion significance and motion complexity. Furthermore, our complexity measure is compared with 

three existing measures to analyze their similarity and dissimilarity. 
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Fig. 4 Temporal entropy, inverse of spatial entropy, and motion significance according to tem-

poral and spatial variations. Here, the blue and red lines indicates temporal entropy and in-

verted spatial entropy according to spatial variation and temporal variation, respectively. The 

yellow line indicates motion significance calculated by dividing temporal entropy by spatial en-

tropy. Here, motion significance shows a bell-like shape according to temporal and spatial varia-

tions.  

 

To be more specific, motion significance is measured by dividing temporal entropy by spatial en-

tropy to satisfy the requirement of neural complexity. Surprisingly, motion significance shows a 

bell-like shaped relation according to temporal variations and spatial variations as neural complexity, 

as shown in Fig. 4 [3]. Therefore, motion significance can be used to measure relative meaningfulness 

of each motion frame because the requirement of a neural complexity measure is satisfied. In a dif-

ferent viewpoint, it was possible to measure the significance of motion at every time index of human 

motions by considering precision (from the perspective of spatial variation) and carefulness (from the 

perspective of temporal variation). In addition, motion complexity is directly proportional to motion 

significance because motion complexity is averaged motion significance. Thus, motion complexity 

can be used to measure the number of meaningful motions contained in a set of human motions. 

To evaluate our two measures, various analyses are performed using human tasks of two types: 

drawing and pouring. The drawing and pouring tasks are first executed by humans of two types as 

follows: (i) an expert who can perform very fast and very accurate executions without any failures and 

(ii) a beginner who has lower capability compared with the expert in (i). The beginner must execute 

the two tasks with deliberation to accomplish them. In general, humans tend to precisely (in the 

viewpoint of spatial entropy) and carefully (in the viewpoint of temporal entropy) execute motions if 

their tasks are difficult and complex. Therefore, motion complexities can be different according to 

capabilities of humans, even in a single task. Our complexity measure of an expert is smaller than that 

of a beginner. In fact, the expert can easily and quickly execute the tasks. However, a beginner should 

precisely and carefully execute motions such that these motions are dissimilar and difficult to avoid 

failures. As a result, skillfulness of humans is an important role to determine motion significance and 

motion complexity in a task.  

On the other hand, the LMC complexity measure is difficult to identify its complexity values be-

tween an expert and a beginner. Even though the LMC complexity measure seems to have the similar 

performance with our complexity measure, it is dissimilar with not considering temporal information 

of human activities. 

 

 
Fig. 5 Three figures drawn by the beginner; (a) figure with random patterns, (b) figure with a 

mixture of random and star-shaped patterns, and (c) figure with straight lines. 
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Fig. 6 Complexity values obtained from human motions generated to achieve three tasks of Fig. 

5(a)-(c): (a) when applying our proposed complexity measure, (b) when applying the neural 

complexity measure, (c) when applying the LMC complexity measure, and (d) when applying 

the complexity measure based on permutation entropy, respectively. In these all figures, (i), (ii), 

and (iii) indicate the complexity values from Fig. 5(a)-(c), respectively. 

 

To carry out various evaluations, we then calculate motion complexities in Fig. 5(a)–(c) such as in 

Fig. 6. The motion complexities of Fig. 5(b) obtained from our complexity measure, as shown in Fig. 

6(a), are higher than those in Fig. 5(a) and 5(c), which satisfies our objectives. Fig. 6(b)–(d) show the 

complexity values obtained by the neural complexity, the LMC complexity, and the complexity based 

on permutation entropy, respectively. These complexity values obtained from our complexity measure 

(see (i)–(iii) of Fig. 6(a)) and the LMC complexity measure (see (i)–(iii) of Fig. 6(c)) except for the 

complexity measure based on permutation entropy (see (i)–(iii) of Fig. 6(d)) are similar with the neu-

ral complexity measure see (i)–(iii) of Fig. 6(b)) by satisfying the requirement of attaining small val-

ues in totally random or totally regular motions. On the other hand, the motion complexity values ob-

tained from the complexity based on permutation entropy in the figure with random pattern are higher 

than those in the figures with regular patterns. As a result, the complexity measure based on permuta-

tion entropy did not satisfy the requirement of neural complexity because of being higher when in-

creasing randomness of human motions.  

 

 
Results and Discussion (II) [5]: We used the motion significance to model social interaction by se-

lecting the information that plays key roles in recognizing the interaction between a human and a vir-

tual humanoid robot. Following the learning-from-demonstrations (LfD) paradigm, we aimed to ena-

ble believable human-robot interaction by first recognizing the social interactions between two human 

performers, and then by reproducing them using a cognitive virtual humanoid robot. We achieved 

such goal by devising a motion significance metric which tends to be higher in slow and precise rela-

tive motions. Usually, such motions are useful for recognizing social interactions. To calculate motion 

significance, we first obtained the relative information between all possible pairs of joint positions, 

each of which is extracted from a pair of joints of two human interactions. Then, the temporal entropy 

and the spatial entropy are measured based on Gaussian mixture models, and the motion significance 

is measured by combining temporal entropy and spatial entropy. Finally, we extracted significant in-

formation (i.e., significant variables) of social interaction based on the measured motion significance 

values. To evaluate the proposed method, we built hidden Markov models (HMMs) using the infor-

mation selected based on motion significance, and experimentally show that our method significantly 

improves the recognition performance of existing HMM methods in two social interaction scenarios: 

high-five and handshaking.  
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Fig. 7 Examples of training data sets and test data sets for high-five social interactions: (a) A 

training data set, (b) A test data set. The test data includes various interaction postures which 

are not in the training data. For examples, two humans sit on the side or sit on a chair to get a 

total of 16 data of high-five interaction. 

 

 

 
Fig. 8 Recognition rates of HMMs modeled by selecting significant information using motion 

significance, information gain, and PCA: (a) Recognition rates for high-five interaction - (i) 

92.13%, (ii) 41.55%, and (iii) 49.57% and (b) Recognition rates for handshake - (i) 91.24%, (ii) 

48.58%, and (iii) 50.11%. Here, (i), (ii), and (iii) are the results by proposed method, by infor-

mation gain, and by PCA, respectively. 

 

The test data of the HMMs model is shown in Fig. 8. As shown in the figure, we performed verifica-

tion of high-fives and handshakes of very different positions and attitudes for the two human positions 

and attitudes from those used in the learning. Representative methods for selecting information in-

clude feature selection and feature extraction methods. Our method can be seen as one of the possible 

ways to select features. In order to compare our method with these, we compared our method with the 

method of using information gain, which is one of representative methods in feature selection, and the 

method of using PCA, which is also one of representative methods, as shown in Fig. 8(a). As shown 

in the Fig. 8(a), the information gain of the relative information is calculated, and ten pieces of infor-

mation are selected based on the information gain. Then, HMMs are modeled using this information. 

For all those feature extraction methods, we modeled HMMs with ten features. We compared three 

different sets of HMMs, using the information gain, using ten eigenvectors from PCA, and using var-

iables selected by the proposed method, respectively. As shown in Fig. 8(b), the HMMs performances 

of the proposed method for high-five and shaking hands are 92.13%, 91.24%, and the performances of 

the HMMs modeled by the information gain are 41.55%, 48.58% and the performances of the HMMs 

modeled by PCA are 49.57% and 50.11%, respectively. In the case of information gain, it is a method 

to extract information with low mutual dependency. This does not guarantee that the selected infor-

mation plays a significant role in the interaction, and it does not guarantee that it contains significant 

information for interaction recognition, since it is an indicator of how independent the information is. 
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In the case of PCA, it is possible to reduce the dimension of the training data by projecting the dimen-

sion to the axis where the dispersion of the data is large, so that it is possible to reduce the dimension 

of the learning data, but it is not guaranteed that the reduced space can represent important infor-

mation for recognizing the social interaction. As shown in this experiment, the proposed method is a 

more appropriate method for finding significant information for recognizing social interaction. 
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