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Abstract Increasing demand for higher production flex-
ibility and smaller production batch size pushes the de-

velopment of manufacturing expertise towards robotic
solutions with fast setup and reprogram capability. Aim-
ing to facilitate assembly lines with robots, the learning

from demonstration (LfD) paradigm has attracted at-

tention. A robot LfD framework designed for skillful

small parts assembly applications is developed, which

takes position, orientation and wrench demonstration

data into consideration while utilizes impedance con-
trol to deal with the motion error. In view of constraints
in industrial assembly applications, we propose a robot

LfD framework where policy learning is carried out with

separated assembly demonstration data to avoid poten-

tial under-fitting problem. With the proposed assembly

policies, reference orientation and wrench trajectories

are generated as well as coupled with the position data

to boost their generalization and robust performance.

Effectiveness of the proposed LfD framework is vali-

dated by a printed circuit board assembly experiment

with a 7-DOF torque-controlled robot.

Keywords Flexible Manufacturing · Learning from
Demonstration · Robotic Assembly

1 Introduction

For the sake of adapting to the ongoing shift from mass

production to mass customization of products, man-
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ufacturing enterprises have to keep evolving their as-

sembly lines to handle more product variation, shorter

product life cycles, and smaller batch sizes [5, 18, 21],

i.e. developing flexible assembly lines. Current indus-

trial robots are notoriously difficult to program, lead-

ing to high change-over time and expert labor con-

sumption. To make robotic assembly applicable to low-

volume high-mix production, one approach is to make

the programming of assembly tasks so intuitive that can

be accomplished by workers without traditional robot

programming skills [26, 29]. Learning from demonstra-

tion (LfD) [23], or programming by demonstration [9],

is a paradigm that aims to transfer human’s skills to

robots by human demonstration instead of the unintu-

itive and tedious robot programming by expert robot

users [10, 30]. The strength of LfD pays in industrial
assembly applications as some assembly processes are
such complicate that can be neither easily scripted nor
easily defined as an optimization problem, but can be

easily demonstrated [28]. With LfD, one or more as-

sembly policies can be learned from the demonstration

data which can also generate robots’ actions under new

conditions i.e. enable robots’ adaptive behavior [34].

Considering the assembly tasks requiring skillful mo-

tions [28], to accomplish those tasks with robots, two
constraints must be taken into account, namely the ob-

ject constraint and the environment constraint. The ob-

ject constraint includes the assembly motion (position

and orientation trajectories) required and the corre-

sponding force and torque pattern throughout the as-

sembly process. It is totally defined by the design of

product, i.e. it allows of little variation in assembly

motion. In the industrial fields, the environment con-

straint is introduced by the deployment of industrial

agents such as placement of robots, sensors and con-

veyers. It varies from line to line, or even from day to
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Initial Frame Pre-Assembly Frame Goal Frame

Approaching Phase Assembling Phase
Fig. 1 General view of approaching and assembling phases.

day in one reconfigurable assembly line [18] and allows
of large variation in the assembly motion of robots. In

view of the two constraints, we divide a robotic assem-

bly process into two phases, namely the approaching

phase during which the robot takes one part of some

product to some specific pose (position and orienta-

tion) in contact with the other part, and the assem-

bling phase during which the robot assembles the two

parts subject to the object constraint. Fig. 1 demon-

strates the proposed two successive assembly phases.

In the approaching phase, the learned assembly pol-

icy is required to drive the robot to the user-defined

pre-assembly pose, which may be estimated by sensors

during execution, from any initial pose without unex-
pected collision against any agents in the environment.

Since the environment constraint may vary frequently

in practice, generalization capability of the learned as-

sembly policy significantly matters in this phase. As

indicated by Fig. 1, the pre-assembly pose is the pose

where one part just comes in contact with the other

part. It is defined by the human operators in demon-

stration process but estimated by the sensor in robot

assembly process. In the assembling phase, only the ob-
ject constraint affects the motion of robots. Position
and orientation variation in demonstration may be rel-
atively small which alleviates the generalization per-

formance requirement of the assembly policy. However,

there is a force and torque constraint for the robot to

successfully assemble the parts.

In the literature, some of the LfD studies upon as-

sembly applications formulate the assembly tasks as

pick-and-place processes [6,13,15,19]. Given the demon-

stration data, a pre-structured policy is learned through

supervised [13] or unsupervised [6,15] machine learning

algorithm. Those policies can be classified into trajec-

tory primitives, such as the dynamic movement primi-

tive (DMP), and location primitives, such as the Gaus-

sian mixture model (GMM) [15]. Given the novel ini-

tial and goal pose of the robot, both of them can gen-

erate suitable robot assembly motion trajectories. In

view of the pick-and-place processes only one policy is

learned for the whole assembly process therein, never-

theless, it may fail to work in the small parts assem-

bly tasks since features of the assembly motion vary
significantly between the two phases. Another formula-
tion of small parts assembly tasks is peg-in-hole prob-

lem [14,16,26] and Reinforcement Learning (RL) based

methods are widely applied to learn a decision making

policy that maps states to actions through trial-and-

error [7,8,12,27]. RL-based approaches typically require

the robot to explore the state space. Methods that di-

rectly learn the robot control policies from demonstra-

tion data are more practicable [22]. Another class of

solution to precise assembly is the compliance-based

assembly strategy [16,28]. By compliant control strate-

gies such as impedance control, the robots can perform

adaptive behavior in precise assembly tasks, e.g. auto-

matic position and orientation error compensation.

Concentrating on the assembly policy learning and

execution, a robot LfD framework is tailored for skill-

ful small parts assembly with impedance control strat-

egy in this work. By exploiting the stochastic structure

of task-parameterized Gaussian mixture model (TP-

GMM), two policies in Cartesian space sharing simi-

lar structure are learned from segmented demonstra-

tions for the approaching and assembling phases, re-

spectively. Impedance control strategy in Cartesian space

is utilized to drive the robot following the assembly
trajectory generated by the learned policies. It helps
to avoid the tedious searching time of learning from

scratching methods and follow the required wrench pro-

file during the precise assembly process. Contributions

of this work go as follows. A robot LfD framework for

assembly applications that governs an assembly task as

two assembly phases is developed with two policies that
coupled position, orientation and force-torque (wrench)
are learned separately to avoid the under-fitting prob-

lem. The assembly policies are designed to couple the

orientation and wrench information with the generated

position trajectories which enjoys more robustness over

the unique phase variable trick and enables online tra-

jectory adaptation.
Remained content of this article is organized fol-

lows. Section 2 expounds the proposed robot LfD as-

sembly framework from system overview (2.1) to policy

learning (2.2) and then assembly task execution with

impedance control (2.3). Experiment verification of it

lies in section 3. Section 4 concludes this article.

2 Methodology

2.1 Framework Overview

Work flow of the proposed robot LfD assembly frame-

work is exhibited in Fig. 2. A typical LfD framework al-
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Fig. 2 Work flow of the robot LfD assembly framework.

ways contains three work steps, namely demonstration,

policy learning and policy execution (under strange en-

vironments), that is, the first decision to be made when

designing a LfD framework is which demonstration tech-

nique will be used given specific applications. Here the

kinesthetic teaching technique is selected for the sake of

its usability for non-expert robot users. During demon-

stration, the operator successively performs the approach-

ing motion and assembling motion. On accounting of

its capability of modeling latent key location states

and generalization, assembly policies in this work are

pre-structured by TP-GMM whose parameters are es-

timated by EM algorithm. In fact, as indicated in Fig.

1 numerical range of demonstrated position data in ap-

proaching phase may be hundreds of millimeters but

that in assembling phase falls to several millimeters,

which leads to a dilemma in the policy learning process.

Once it is learned by EM algorithm with this demon-

stration data, the assembly policy could encapsulate

a large amount of redundant latent location states or
fail to encapsulate the necessary latent location states
in the assembling phase. It is hard to balance the ef-
ficiency and precision requirement for us to assign the

hyper parameters of the policy, let alone non-expert

workers. Hence, in this work two parametric policies

pre-structured by TP-GMM are learned respectively

to model the two phases of the demonstrated assem-
bly skill and generate the assembly motion trajectory
by αTP-GMR. As for robots’ execution of the policies

given the initial, pre-assembly and goal pose, a Carte-

sian impedance controller serves to enact those policies.

2.2 Assembly Policy

By an assembly policy, what we mean here is an assem-

bly skill model that takes the initial pose, goal pose and

query variable as inputs while generates a suitable robot

motion trajectory as output. Given multiple demonstra-

tion trajectories of one task, a stochastic model of the

skill is learned by taking into account the variations and

correlations observed along the movement. In assem-

bly tasks, both position and orientation play important

roles while the force and torque information (wrench)
also matters. Policies related to position, orientation
and wrench are separately learned but coupled in this
work.

2.2.1 Position Policy

To model the position trajectory ξ = [t, x, y, z]T , the
task-parameterized GMM is used to pre-structure as-

sembly policies which takes the time variable as query.
For the purpose of generating the trajectory distribu-
tion P (ξ), a typical GMM takes the form of

P (ξ) =

K∑

k=1

πkN (ξ|µξ,k, Σξ,k)

where πξ is the prior of each multivariate Gaussian dis-

tribution with
∑K

k=1 πξ,k = 1, µξ and Σξ are centers
and covariances of the kth Gaussian distribution. By

extending the typical GMM to multiple task frames to
enable generalization, parameters of a TP-GMM model
is given by

{
πξ,k,

{
µ
(j)
ζ,k, Σ

(j)
ζ,k

}J

j=1

}K

k=1

(1)

where µ
(j)
k ∈ R

4 and Σ
(j)
k ∈ R

4×4 are centers and co-

variances of Gaussian distribution k in frame j respec-

tively. The so-called task parameters are given by the J
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task frames {Aj , bj}
J
j=1 that are time-invariant in this

work and practical industrial assembly tasks,

Aj =

(
1 0

0 Rj

)
, bj =

(
0

pj

)

in which Rj ∈ SO(3) and pj ∈ R
3 are rotation ma-

trix and translation vector of frame j with respect to

the world frame. Given the demonstration data D :

{ξn}
N
n=1, rather than directly used to estimate the pa-

rameters, it is transformed to J frames firstly through

ζ(j)n = A−1
j (ξn − bj)

Parameters in (1) are estimated in each frame individ-

ually by Expectation-Maximization algorithm in which

the joint distribution of data in all frames are used to

compute the expectation (E-Step) but parameters are

estimated only with the data in corresponded frame

(M-Step).

By taking time/phase variable t as query variable,

given the task frames, a retrieved or generalized assem-

bly motion trajectory will be computed through TP-

GMR algorithm [3] as described in Fig. 2. Anyway,

generalization (interpolation and extrapolation) capa-

bility of the approaching policy counts for much more

than that of the precise assembly policy as discussed in

section 1. In order to further boost the generalization

capability of the approaching policy Papp, i.e. to pre-

serve the local structure in demonstration around the

approaching frame, the frame-weighted TP-GMR algo-

rithm (αTP-GMR) [25] is utilized here instead of the

typical one. In the j-th frame, the Gaussian center µ

and covariace Σ can be partitioned as

µ
(j)
ζ,k =

(
µ
(j)
t,k

µ
(j)
ζO,k

)
, Σ

(j)
ζ,k =

(
Σ

(j)
t,k Σ

(j)
tζO,k

Σ
(j)
ζOt,k Σ

(j)
ζO,k

)

and the trajectory distribution in the jth frame gener-
ated by GMR is given by

P
(
ζ̂
(j)
O,n

∣∣∣tn
)
= N

(
K∑

k=1

φk(tn)ζ̂
(j)
O,k,n,

K∑

k=1

φ2
k(tn)Σ̂

(j)
ζO,k,n

) (2)

where

ζ̂
(j)
O,k,n = µ

(j)
ζO,k +Σ

(j)
ζOt,k

(
Σ

(j)
t,k

)−1 (
tn − µ

(j)
t,k

)

Σ̂
(j)
ζO,k,n = Σ

(j)
ζO,k −Σ

(j)
ζOt,k

(
Σ

(j)
t,k

)−1

Σ
(j)
tζO,k

φk(tn) =
πkN (tn|µt,k, Σt,k)∑K

l=1 πkN (tn|µt,l, Σt,l)

Then the generated trajectory distribution in the world

frame is estimated by

N
(
ξ̂O,n, Σ̂ζO,n

)
∝

J∏

j=1

N
(
Rj ζ̂

(j)
O,n + pj ,

1

α
(j)
n

RjΣ̂
(j)
ζO,nR

T
j

)

in which ξ̂O and ζ̂
(j)
O

are queried variable by GMR in

world frame and frame j respectively ([x, y, z]T in this

work), and Σ̂ζO stands for the corresponded covariance.

α
(j)
n indicates the weight of frame j at step n,

α(j)
n =

∥∥∥∥
(
Σ̃

(j)
n

)−1
∥∥∥∥

∑J

l=1

∥∥∥∥
(
Σ̃

(l)
n

)−1
∥∥∥∥

(3)

Σ̃
(j)
n in (3) is the covariance of demonstration data in

frame j at time step n, computation of which costs addi-

tional effort but only required once after demonstration.

As for the assembling policy Pcis, typical TP-GMR al-
gorithm (α

(j)
n = 1) will work well since there is little

variation in the profile of position trajectories in as-

sembling phase.

2.2.2 Orientation Policy

As one of the key aspects, it is inevitable to take the ori-

entation trajectories required in many assembly tasks.
However, the challenge lies in the fact that measur-
ing the difference between two orientations with Eu-

clidean distance is not proper as we do in position dif-

ference measurement. In the literature, unit quaternion

is a popular representation of orientation in LfD stud-

ies [11, 13, 15], which is a kind of non-minimal repre-

sentation defined on an unit sphere manifold S3 whose
tangent space TqS

3 locally linearizes the manifold and

behaves like Euclidean space R
3 [4]. Compared with

minimal representation of orientation such as Euler an-

gle, it benefits from no singularity. Taking the orien-

tation of pre-assembly or goal pose in demonstration

as auxiliary quaternion qa [11], difference between unit

quaternions can be measured by the Euclidean length of
the displacement of unit quaternions q1∗ q̄a , [v,u], v ∈
R,u ∈ R

3 mapped to the tangent space TqaS
3 centered

at qa through the logarithmic map S3 → TqaS
3

log(q1 ∗ q̄a) =





arccos(v)
u

‖u‖
, ‖u‖ 6= 0

[0, 0, 0]T , otherwise
(4)

where q̄ stands for the conjugate of q. Recall that q1 ,

[v1,u1], q2 , [v2,u2],

q1 ∗ q2 = v1v2 − u1u2 + v2u1 + v1u2 + u1 × u2
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Fig. 3 Graphic representation of the relationship between q

and η.
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Fig. 4 Structure of the approaching policy.

 1ˆ ˆ
goal goalR p   

̂ q̂{ , }goal goalA b

t

{ , }pre preA b

ŵ

 ˆP t Output
OutputInitializationGoalQuery OutputGoal

Query  ˆˆP q 

OutputGoal
Query  ˆˆP w 

Fig. 5 Structure of the precise assembly policy.

Since the unit quaternion manifold S3 provides a double

covering over rotations, we set q = −q when v < 0 to

ensure zero distance between antipodal rotations [33].
Afterwards, policy learning (EM algorithm) and tra-
jectory generation (GMR) processes are carried out on

TqaS
3 with Euclidean distance. Finally, orientation tra-

jectories generated by the GMR ought to be projected

back to the unit sphere manifold S3 via the exponential

map TqaS
3 → S3

exp(η) =





cos (‖η‖) + sin (‖η‖)
η

‖η‖
, η 6= 0

[1, 0, 0, 0]T , otherwise

(5)

Fig. 3 exhibits the relationship between q and η. Note

that both (4) and (5) are defined with respect to the

same auxiliary unit quaternion qa. It is obvious that
the unit constraint of unit quaternions will never be

violated with map (5). In many assembly tasks, the

coupling of position and orientation must be taken into

consideration. In S3 manifold, it is also feasible to make
use of TP-GMM for generalization to new goal orienta-

tion with TP-GMR taking time/phase variable as query
[33]. By doing so, translation and rotation movements

are coupled by the unique query variable, similar to how
the phase variable works in DMP [13]. However, it is ev-
ident that during approaching phase orientation of the
end-effector does not matter in the early phase but does

matter around the vicinity of approaching pose. There-

fore, in this work the positions with respect to the pre-

assembly and goal frame act as query for retrieving or

generalizing the trajectories of orientation, i.e. rotation
and translation movements are coupled by the covari-
ance of multi-variate Gaussian distributions. Compared
with coupling by the unique query variable, strength

of the proposed coupling strategy lie in the fact that

the robot may not exactly follow the generated assem-

bly trajectories owing to the performance of controller,

noise of sensors and perturbation, which makes online

adaptation of orientation plays a valuable role. By do-

ing so, we estimate the end-effector’s orientation given

the current position rather than current time/phase.

Fig. 4 and 5 indicate the proposed coupling technique

and describe the structure of the approaching policy

and assembling policy respectively. Taking the output

of (2) in pre-assembly frame or goal frame as query

variable, state of the GMM is defined as ϕ , [ζO, η]
T
,

i.e. parameters of the GMM are {πϕ,k, µϕ,k, Σϕ,k}
K

k=1.

Similar to the (2), orientation trajectory distribution

generated by GMR turns out to be

P
(
η̂n

∣∣∣ζ̂O,n

)
= N

(
K∑

k=1

φk

(
ζ̂O,n

)
η̂k,n,

K∑

k=1

φk

(
ζ̂O,n

)2
Σ̂η,k,n

)

q̂n = exp(η̂n) ∗ qa

(6)

where η̂n, Σ̂η,k,n, φk(·) are counterparts of those in (2)

and the number of Gaussian distributions K may not

be the same as that in (1).

2.2.3 Wrench Policy in Assembling Phase

A typical assembly operation requires the knowledge of

not only position and orientation trajectories but also

the accompanying wrench profiles for successful assem-

bly [13]. There is no probabilistic model in terms of

the wrench w in the approaching policy since the end-

effector of the robot is moving through the air during

this phase as indicated by Fig. 1. In assembling phase,

similar to [17], the wrench pattern is modeled by GMM.

As shown in Fig. 5, the wrench policy also takes posi-

tion with respect to the goal frame as query variable as

shown in Fig. 5. Wrench trajectory distribution gener-

ated by GMR shares the similar policy structure and
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coupling strategy as (6) just by replacing η̂ by ŵ

P
(
ŵn

∣∣∣ζ̂O,n

)
= N

(
K∑

k=1

φk

(
ζ̂O,n

)
ŵk,n,

K∑

k=1

φk

(
ζ̂O,n

)2
Σ̂w,k,n

) (7)

Anyway, there is no need to exactly follow the gener-

ated wrench trajectory during assembly processes [13].

In this work, the queried wrench trajectory distribu-

tion (7) plays two roles. First and foremost, it pro-

vides a reference wrench pattern for successful execu-

tion of the task since the parts require enough wrench

to be assembled. Secondly, it also serves as an indica-

tor of possible damaging of the parts. Variability of the

demonstrations is encapsulated in the covariance ma-

trices of the trajectory distribution which can be ex-
ploited to detect if the robot reaches an unexpected
pose [24]. By eigenvalue decomposition of covariance
matrix Σ̂w,n = V Λw,nV

T , each eigenvalue λi,t corre-

sponds to the allowable variability of the force/torque
term at time/phase tn. In the experiment, we stop mo-
tion of the robot once any one dimension of the current

external wrench wi,t exceeds the limit

[ŵi,t − β|λi,t|, ŵi,t + β|λi,t|] , β > 1

2.3 Cartesian Impedance Controller

Assembly policies in this work can only provide assem-

bly trajectories, which calls for a suitable controller to
drive the robot to track. As in LfD studies [17, 34],
impedance control is widely applied control strategy due

to its simplicity and flexibility. In assembly tasks that
require physical interaction between a robot and its sur-
roundings, using impedance control helps overcome po-
sition/orientation uncertainties and subsequently avoid

large impact forces [1, 31]. Taking both position and
orientation into consideration, an impedance controller
with joint torque τ as control input turns out to be

τ = JT

(
K

[
ξ̂O − ξO
log (q̂ ∗ q̄)

]
−D

[
v

ω

])
+ JT ŵ+ h(θ, θ̇) (8)

where

K =

(
Kpos 0

0 Kori

)
, D =

(
Dpos 0

0 Dori

)

are semi-positive definite matrices of impedance param-

eters. Compliance of robot’s assembly motion can be

realized through regulating the impedance parameters,

i.e. the apparent damping Dpos, Dori ∈ R
3×3 and stiff-

ness Kpos,Kori ∈ R
3×3. J in (8) is the Jacobian and

ResilientFastener
LocatingPinResilientFastener

LocatingPin
Scroll Wheel Holder

Fig. 6 The PCB and bottom case of a mouse.

h(·) represents dynamic model of the robot that allows

for compensation of gravity, Coriolis force and friction.

v and ω stand for linear and angular velocities of the
robot’s end-effector. JT ŵ serves as a feed forward term.

In approaching phase, compared with compliance what

makes greater sense for the controller is driving the

robot to the approaching pose as soon as possible with-

out any unexpected collision, that is, efficiency domi-

nates. Hence, in this phase, high stiffness is assigned to

the controller and there is no feed forward term in the
controller (8). Moreover, the assembling phase, which
is an in-contact task, puts an requirement on the com-

pliance of the robot’s end-effector due to unavoidable

position or orientation error and tight tolerances be-

tween the parts. During this phase, stiff execution may

not be safe for robots and objects in interaction [20].

Therefore, low stiffness is assigned to the controller in

operation to perform compliant assembly which is ro-

bust against motion inaccuracy and disturbance [31].

In both phases, damping parameters are specified ac-

cording to the robot’s dynamic limits.

3 Experiment Verification

3.1 Experiment Setup

In this section, a printed circuit board (PCB) [2] as-
sembly task is selected to demonstrate the work flow of

the proposed robot LfD assembly framework and ver-
ify its effectiveness. As shown in Fig. 6, to successfully
assemble the PCB to its bottom case, after plugging it
through the scroll wheel holder the robot ought to carry

out an insertion motion and then fit the PCB to the lo-

cating pins while pressing it to make it fastened by the

resilient fasteners. A torque-controlled Franka Emika 7-

DOF robot serves as the policy executor while a struc-

tured light camera works to acquire the goal frame in

the experiment, as exhibited in Fig. 7. The structured

light camera is capable of obtaining 6-DOF pose infor-

mation of the bottom case. The initial pose of the PCB
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ApproachingDemonstration AssemblingDemonstration

Pilot

Goal PosePre-Assembly Pose

3D Camera

Fig. 7 Kinesthetic guiding demonstration process.

(a) (b)

Fig. 8 Demonstrated (grey) and retrieved (blue) position
data in approaching phase (a) and assembling phase (b).

is obtained by reading the joint position and the kine-

matics of the robot. Fig. 7 demonstrates the kinesthetic

teaching process. To begin with, the operator kinesthet-

ically guides the robot with gravity compensation by

the pilot on the robot’s 7th joint from any initial pose to

the approaching pose (approaching phase). Afterwards,

through carefully adjusting the pose of the end-effector

to guarantee safety, the operator performs the PCBA

task (assembling phase). Issues in terms of grasping the

components by robots are beyond our research scope.

In both approaching and assembling phases, the num-

ber of task frames J = 3 in (1) as indicated by Fig. 2.

The task frames are defined by the initial, pre-assembly

and goal poses. The goal frame in this experiment is

estimated via observing the pose of the bottom case

with the 3D camera. The pre-assembly frame is com-

puted by the demonstrated transformation from the

Fig. 9 Demonstrated (grey), retrieved (blue) and recorded
(orange) assembly orientation trajectories in approaching
phase.

0 0.2 0.4 0.6 0.8 1

0

0.2

0.4

0.6

0.8

1

(1)

(2)

Fig. 10 Weight of each frame during position data retriev-
ing.

goal frame to it. However, there are always slight differ-
ences between each demonstrated one, which brings in
no trouble in policy learning process but it is required

to figure out one approaching frame given the observed

goal frame. In the experiment, transformation from goal

frame to pre-assembly frame is figured out by taking

average of all the approaching frames in demonstration

data. Here we take position together with Euler angle
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as representation for averaging to estimate the trans-

form Tpre,goal ∈ SE(3). Then, given the observed goal

frame T̂goal , the corresponded approaching frame is

computed by T̂pre = Tpre,goalT̂goal. Since human oper-

ators can never perform one task multiple times within

the same period. Dynamic time wrapping is a populous
temporal alignment method in LfD studies [15, 30, 32]

including this work. In assembling phase, the human op-

erator corrupts the wrench profile estimated by joints

torques [13]. To attenuate this effect, in this experiment

the robot plays back the demonstrated precise assembly

motion to obtain clean wrench demonstration data. In
this work, segmentation of demonstration data is per-
formed manually, nonetheless, automatic segmentation

is also possible by analyzing velocity and acceleration

feature of it [28, 30].

3.2 Experiment Results & Discussion

Demonstrations are performed from randomly selected

initial pose to a constant pre-assembly and goal pose,

as shown in Fig. 8 and Fig. 9. Demonstrated position

data are temporally aligned by DTW in both assem-

bly phases but orientation data are not aligned because

the orientation is queried by the position in the pre-

assembly or goal frame. In this experiment, rather than

absolute time a monotonously increasing phase variable

t ∈ [0, 1] is selected as query variable for position data

generation. By TP-GMR, smooth motion trajectories

are retrieved without unexpected jagged data around

the approaching pose which is introduced by unavoid-

able trembling of human hands during demonstration.

Motion trajectories generated by the policies are fed

to the impedance controller at a frequency of 10Hz. It

can be seen by Fig. 8 that there is large magnitude

of difference between the robot’s spatial motion in ap-

proaching phase and that in assembling phase, which

partially accounts for why it is necessary to segment the

demonstration and learn two specific assembly policies.

Some key motion in assembling phase may be deemed

to be noise once only one policy is used to model both

phases. Variation of the motion trajectories decreases

gradually since the weight of the pre-assembly frame

increases gradually with the robot approaching the pre-

assembly pose. Fig. 10 shows the variance of α value
in the αTP-GMR process, local structure with respect

to the pre-assembly frame dominates the shape of the

trajectories when t ≥ 0.4. Fig. 9 exhibits the demon-

strated, retrieved and recorded orientation trajectories

in the approaching phase. All of these trajectories con-

verge to the orientation [1, 0, 0, 0]T because the demon-

strated orientation data are displayed with respect to

(a) (b)

Fig. 11 Demonstrated (grey) and generalized (red) position
data in approaching phase (a) and assembling phase (b).
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Fig. 12 Generalized (red) and recorded (orange) assembly
orientation trajectories in approaching phase.

the pre-assembly frame and then the corresponded η

in the tangent space are computed by (4) to learn the

GMM based policy. In this experiment, since only z po-

sition with respect to the pre-assembly frame is used as

query variable of GMR, the retrieved orientation trajec-
tories (blue curves) overlap each other. As shown in Fig.
4, the orientation trajectories are retrieved in advance

in this experiment. However, with the proposed cou-

pling strategy, reference orientation can also be queried

at any time step given current Cartesian position. This

online adaptation technique can deal with unexpected

perturbation during the assembly process. As exhibited

in Fig. 11, new initial poses are given to verify the gen-

eralization capability of the learned assembly policies.

Those generalized assembly motion trajectories share

the same pre-assembly and goal frame. Similar to the

retrieved trajectories in Fig. 8, the generalized position

trajectories quickly converge. Since the motion trajecto-

ries are only subject to the invariant object constraints
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in the assembling phase, typical TP-GMR algorithm

works well. Fig. 12 presents the generalized orientation

trajectories (red curves) via GMR and the recorded ori-

entation trajectories during assembly process (orange

curves). In Fig. 9 and 12, it can be seen that during the

approaching phase the recorded orientation trajectories

quickly converge to the retrieved/generalized ones al-

most before the motion of position. This is mainly be-
cause the absolute value of the initial orientation error
log(q̂(0) ∗ q̄(0)) in (8) is numerically much larger than

that of position which is 0.

4 Conclusion

To enable robots quickly acquire new assembly skills in

assembly lines, the learning from demonstration paradigm

provides a flexible solution to directly transfer workers’

assembly skills to robots. A robot LfD framework is de-

veloped in this article for skillful industrial assembly
applications. In this framework, the assembly task is
divided into approaching and assembling phases, which

is the key to avoid the potential under-fitting prob-

lem introduced by the large difference in variability of

demonstration data between the two assembly phases.

By exploiting the stochastic nature and generalization

capability of TP-GMM, the demonstrated position data
are modeled and retrieved through TP-GMR. Corre-
sponded orientation and wrench are also queried by the

position via GMM, which turns out to be a effective

coupling strategy that enables online adaptation of ori-

entation and wrench. An impedance control strategy

is developed to drive the robot to follow the assem-

bly motion trajectories generated by those policies. A

PCB assembly task is taken as illustration for the pro-

posed robot LfD assembly framework. It indicates that

the learned policies can generate suitable assembly po-

sition and orientation trajectories in both phases while

the impedance controller is capable of driving the robot

to accomplish the assembly task with compliant behav-
ior.
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C., Bøgh, S., Krüger, V., Madsen, O.: Robot skills for
manufacturing: From concept to industrial deployment.
Robotics and Computer-Integrated Manufacturing 37,
282–291 (2016)

19. Pervez, A., Lee, D.: Learning task-parameterized dy-
namic movement primitives using mixture of GMMs. In-
telligent Service Robotics 11(1), 61–78 (2018)
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Caldwell, D.G.: An Approach for Imitation Learning on
Riemannian Manifolds. IEEE Robotics and Automation
Letters 2(3), 1240–1247 (2017)

34. Zeng, C., Yang, C., Cheng, H., Li, Y., Dai, S.L.: Simulta-
neously Encoding Movement and sEMG-based Stiffness
for Robotic Skill Learning. IEEE Transactions on Indus-
trial Informatics pp. 1–1 (2020)



Figures

Figure 1

General view of approaching and assembling phases.

Figure 2

Work �ow of the robot LfD assembly framework.

Figure 3



Graphic representation of the relationship between q and η.

Figure 4

Structure of the approaching policy.

Figure 5

Structure of the precise assembly policy.

Figure 6

The PCB and bottom case of a mouse.



Figure 7

Kinesthetic guiding demonstration process.

Figure 8

Demonstrated (grey) and retrieved (blue) position data in approaching phase (a) and assembling phase
(b).



Figure 9

Demonstrated (grey), retrieved (blue) and recorded (orange) assembly orientation trajectories in
approaching phase.

Figure 10

Weight of each frame during position data retrieving.



Figure 11

Demonstrated (grey) and generalized (red) position data in approaching phase (a) and assembling phase
(b).

Figure 12

Generalized (red) and recorded (orange) assembly orientation trajectories in approaching phase.
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