
This work is supported by “Major Project of  the GuangDong Province Department for Science and Technology (2014B090919002)”

GUANDONG UNIVERSITY OF TECHNOLOGY - BIRL LAB

Behavior, Task, and Skill Characterization 
for Contact Manipulation Tasks

Juan Rojas1 and Zhengjie Huang2

Guangdong University of Technology1 & Sun Yat-sen University2

1. Introduction
This work characterizes contact manipulation tasks and the associated 
execution skill. We try to learn the followng two questions: 
     1. What did the robot do (at multiple levels of  abstraction)?
     2. How did the robot do the task (i.e. the quality of  the motion)? 

The motivation for our work is to endow the robot with understanding 
about how he did and how he did. Currently robots perform most of  
their tasks without realizing whether they succeeded or not; nor can they 
reason about the quality of  their actions. From a reasoning perspective, 
robots usually operate in open-loop mode. 
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Fig. 1 Bootstraping Task/Skill Characterization through Action Grammars

Through the extraction of  primitive information from end-effector pose information 
and end-effector wrench information, the intrinsic properties of  the motion can be en-
coded and represented as an action grammar along with quantifiable statistics for such 
grammar. 

The action grammar is representative of, not only the task (or sub-task), but also of  the 
way the task is accomplished. And once the string encoding is in place, we can use con-
textual information along with probabilistic tools to learn the corresponding behavior 
and skill models. To bootsrap the characterization of  taks (sub-tasks) and skill we make 
use of  a three step approach as seen in Fig. 1. These steps will be presented underneath 
under two rubrics: heuristics–exploiting domain knowledge, and more generalizable 
approaches involving non-parametric probabilistic methods (NPBM). NPBM can cap-
ture the full evolution of  signals and characterize them in a probabilistic way, making it 
a more robust approach. They are also very effective at segmenting data natively 
through Prior processes like the Hierarchical Dirichlet process. 

2. Basis of  our Approach

Data
Streams

Vision
Pose

Cart End E�
Pose

End E�
Wrench

bel(ROTATION)HL Behaviors

Position Data Force Data

online transmission

LL Behaviors

Motion Comps

Primitives

FIXED FIXED

mpos bneg

bneg
const

const

pimp

bpos

mneg

Constant Constant ConstantDecrease

Frenet Frames

Direct Curve Coding 3
0 0

2
3

2 1

1
0

0
02

2

Dynamic Time
Warping Alignment

Characterisation:
- Segmentation
- Encoding

State Fusion
Probabilistic 

Bayesian Filtering

Post
Processing

0.84
0.04

0.02

0.06

0.04Si

Si+1

Sm

Sm+1

Sn

3a. Segmentation 3b. Encoding 3c. Classification

H
E

U
RI

ST
IC

S
N

O
N

PA
RA

M
E

TR
IC

PO
SE

W
RE

N
C

H

Fig 2a. Pose data discretized into a set of  locally as-
signed Frenet-Frames (FF) which captures relative 

curvature changes.

Fig 3a. Pose data discretized into a set of  locally as-
signed Frenet-Frames (FF) which captures relative 

curvature changes.
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Fig 2c. Grammars from pose first extract a longest common string across 
pairs of  trials and using similarity metrics that then can be fed into a clas-
sifier like an SVM for determination

Fig 2c. Grammars from pose first extract a longest common string across 
pairs of  trials and using similarity metrics that then can be fed into a clas-
sifier like an SVM for determination
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Fig 3c. SVM classifier was used on feature vectors composed from labels 
at different levels of  abstraction in the hierarchical taxonomy (see Encod-
ing) giving very good results.

Fig 4a. In the above figure, the data finds two seg-
ments. It is the observation models, in particular, 
that the modeling of  the evolutionary signal takes 
place. 

Fig 4b. Encoding can take place by characterizing the param-
eters associated with the observation models: be it a Gaussian 
distribution, or Markov Switching Processes which uses 
state-space models.

Fig 4c. The log-likelihood probability of  the wrench data 
given a class can be used to produce beliefs for each class, 
then selecting that which has the highest likelihood. 
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