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ABSTRACT
Robotic assembly is widely utilized in large-scale manufacturing due to its high production efficiency, and the peg-in-hole assembly
is  a  typical  operation.  While  single  peg-in-hole  tasks  have  achieved  great  performance  through  reinforcement  learning  (RL)
methods, multiple peg-in-hole assembly remains challenging due to complex geometry and physical constraints. To address this,
we introduce a control policy workflow for multiple peg-in-hole assembly, dividing the task into three primitive sub-tasks: picking,
alignment,  and  insertion  to  modularize  the  long-term task  and  improve  sample  efficiency.  Sequential  control  policy  (SeqPolicy),
containing three control policies, is used to implement all the sub-tasks step-by-step. This approach introduces human knowledge
to manage intermediate states, such as lifting height and aligning direction, thereby enabling flexible deployment across various
scenarios. SeqPolicy demonstrated higher training efficiency with faster convergence and a higher success rate compared to the
single  control  policy.  Its  adaptability  is  confirmed  through  generalization  experiments  involving  objects  with  varying  geometries.
Recognizing  the  importance  of  object  pose  for  control  policies,  a  low-cost  and  adaptable  method  using  visual  representation
containing  objects’  pose  information  from  RGB  images  is  proposed  to  estimate  objects’  pose  in  robot  base  frame  directly  in
working scenarios. The representation is extracted by a Siamese-CNN network trained with self-supervised contrastive learning.
Utilizing it, the alignment sub-task is successfully executed. These experiments validate the solution’s reusability and adaptability
in multiple peg-in-hole scenarios.
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W ith  the  development  of  robotics  and  artificial
intelligence  (AI)  techniques,  Industry  4.0  is  thriving
and  revolutionizing  manufacturing  processes  through

automation  and  digitization.  Robots  have  been  employed  across
various  industry  scenarios  to  automate  mass  manufacturing  and
enhance  production  efficiency,  with  assembly  being  one  of  the
most critical and everyday industrial operations[1, 2].  Consequently,
robotic  assembly,  particularly  peg-in-hole  assembly,  has  been
extensively  researched  for  many  years.  The  traditional  strategy
involves pre-defining the assembly process and pre-programming
corresponding  operations.  While  this  method  can  achieve  high
assembly  precision,  the  system’s  deployment  is  complex  and
challenging to adapt to various situations,  like changing grasping
points  and  diverse  objects’ geometry.  Then  reinforcement
learning  (RL)  methods,  which  have  achieved  distinguishing
performance  in  robotic  control,  are  applied  to  train  control
policies  for  the  peg-in-hole  task,  achieving  high  precision  and
robustness  against  environmental  uncertainties[3−5].  Several  studies
have  demonstrated  high  performance  in  single  peg-in-hole
assembly  using  RL-trained  control  policies[3, 6, 7].  Compared  with
single peg-in-hole assembly, the multiple peg-in-hole assembly has
broader  application  scenarios,  like  vehicle  hub  assembly  and
electronics assembly, as shown in Fig. 1.

However,  the  multiple  peg-in-hole  assembly  remains
challenging  because  of  the  strict  successful  assembly  conditions,
complicated geometry and physical interaction. The multiple peg-

in-hole assembly follows the same process as a single peg-in-hole
assembly, but it is much more challenging with several pegs, as all
the  pegs  should  be  inserted  into  corresponding  holes
simultaneously.  Unlike  the  single  peg  task,  which  typically
considers 5 or 6 dimensions for rotation and position, the multiple
peg  assembly  requires  consideration  of  18  dimensions  in  this
study.  Additionally,  the  single  peg-in-hole  assembly  involves  a
single  peg  with  different  cross-sectional  shapes  (e.g.,  circular  or
triangular),  but  multiple  peg-in-hole  assembly  often  include
multiple pegs with a handle, like the plugs and sockets. Therefore,
the  peg’s  pose  is  not  directly  connected  with  the  gripper’s  pose
because the grasping location varies in the handle, and all the pegs’
interactions with the hole are different.

There  are  some  successful  solutions  explored  to  solve  the
multiple peg-in-hole assembly task. Researchers typically pre-build
the physical interaction model of the peg-in-hole process and train
one  control  policy  to  implement  the  task  of  assembling  the  peg
into the hole based on the model and force signal[8, 9]. However, the
solution  becomes  complex  when  transferring  to  various  object
geometry,  and  the  uncertainty  of  the  peg’s  in-hand  pose  is  not
considered  in  the  constructed  simulation  environment,  which  is
crucial  for  the  generalization  ability  of  the  solution.  More  recent
work[5] constructs  one  comprehensive  simulation  environment
with  domain  randomization  where  one  control  policy  is  trained
with  multimodal  observation.  The  trained  control  policy  has  a
strong  generalization  ability  to  various  object  geometry  and 
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dynamic  environments.  Nevertheless,  the  policy  learning  process
in  this  setup  is  less  effective  with  complex  reward  functions  and
redundant observations over 100 dimensions. The inference speed
is  slow  with  output  action  at  10  Hz,  which  makes  the  assembly
time to be long over fifteen seconds.

In this study, a flexible and reusable framework for multiple peg-
in-hole  assembly  is  proposed  to  improve  the  policy  learning
efficiency  and  decrease  the  computational  complexity  while
keeping  the  control  policies’ generalization  ability.  The  entire
pipeline of the framework is shown in Fig. 2. Additionally, visual
representation mainly  contains  information about  objects’ poses,
which is learned from the RGB images for object pose estimation
to further improve the solution’s  adaptability  and computational
efficiency.  To  implement  the  pipeline,  a  simulation  environment
is construed in Isaac Gym with domain randomization to shorten
the gap with the real world. Then, the policy learning is conducted
in  this  simulation  environment  using  proximal  policy
optimization  (PPO)  algorithms.  Instead  of  training  a  control
policy for the entire task, the sequential control policy (SeqPolicy)
is  applied  to  implement  these  sub-tasks  in  sequence  and  finally
complete the whole task. Specifically, the task is divided into three
common  sub-tasks:  picking,  alignment,  and  insertion  based  on
human primitive skills. Then, three control policies are trained to
master  each  primitive  skill  and  implement  the  overall  task,  and
they are independent to modularized pipeline. In the process, they
are pre-loaded and transferred based on the peg states.

The  impedance  controller  is  introduced  to  improve  system

compliance  and  ensure  safety  in  case  of  outlier  output  from  the
neural  network  in  the  control  policy.  Two  experiments
demonstrate  that  the  SeqPolicy  can  achieve  the  assembly  task
effectively  and  adapt  to  various  scenarios.  After  that,  a  Siamese-
CNN is trained using self-supervised contrastive learning methods
based  on  the  constructed  dataset  to  extract  the  desired  visual
representation, which is  suitable for object pose estimation. With
the estimated objects’ pose from these visual  representations,  the
previously  trained  policy  can  implement  the  alignment  sub-task
successfully. The primary contributions of this paper are:

(1) A flexible and reusable framework for the multiple peg-in-
hole  assembly  task.  The  proposed  method,  sequential  control
policy,  improves  the  policy  learning  efficiency  significantly,  and
the trained control policy can be transferred to similar peg-in-hole
scenarios.

(2)  The  ablation  experiment  explores  compact  observation  in
the multiple peg-in-hole assembly task to decrease computational
complexity.  Three  modalities,  pose,  force  signal,  and
proprioception,  are  crucial  in  this  assembly  task,  and  various
sensor  data  in  these  modalities  are  combined as  observation and
tested  in  policy  learning  to  explore  compact  and  effective
observation.

(3)  A  pose  estimation  strategy  based  on  the  self-supervised
contrastive  learning  method  is  proposed  to  provide  pose
information in the robot base frame directly. The network is small
and has a higher inference speed.

The rest  of  the paper is  organized as  follows.  The background
and  related  work  are  reviewed  in  section  2.  Then,  the  technical
problem  in  this  study  and  the  proposed  methodologies  are
introduced  in  sections  3  and  4.  Finally,  the  experiments  and
results  are  shown  in  section  5,  followed  by  a  conclusion  and
discussion in section 6. 

1    Related Work
 

1.1    Deep reinforcement learning-based robotic assembly
Robotic  assembly,  a  popular  topic  related  to  manufacturing,  has
been  studied  for  decades.  Traditionally,  manual  programming  is
used to design robots’ motion plans given specific tasks, which is
reliable  but  sensitive  to  uncertain  parameters,  especially  in
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Fig. 1    Application  scenarios  of  multiple  peg-in-hole  assembly,  including
biomedical, automobile, furnishing, and electronics industries.
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Fig. 2    Overview of proposed solution. In the simulation environment, the force signal and proprioception data are collected from the specific sensors, and the
pose information is provided by visual representation. Then, these data are combined as the observation for the sequential control policy. The Cartesian action
output from the control policy is then transferred to the joint actuation in joint space to control the end-effector move to the desired position.
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unstructured  environments[10, 11].  Recently,  deep  reinforcement
learning (DRL) has been extensively applied in robotic control[10, 12].
DRL incorporates neural networks into the control policy for state
and  value  approximation,  enabling  the  control  policy  to  process
high-dimension  action  and  observation  space,  which  is  essential
for robotic control tasks[13, 14].

Several  research  pre-defines  the  physical  model  of  the  entire
peg-in-hole  process,  using  the  force  signal  as  observations  for
control policy to estimate the specific states in the process, and the
trained control policy generates the trajectory to guide the robot to
implement  the  whole  task  with  a  high  precision[8, 9, 15, 16].  These
control policies also have the adaptability to specific variables and
unforeseen environmental situations[17, 18]. For example, the control
policy  trained  by  the  DDPG algorithm can  implement  a  peg-in-
hole  assembly  task  with  the  uncertain  hole’s  position[3].
Additionally,  several  works  implement  the  peg-in-hole  assembly
task efficiently  and precisely  by integrating human knowledge or
human  demonstration[19−21].  In  similar  peg-in-hole  tasks,  the
researchers  use  the  Ape-X  DDPG  algorithm  to  train  the  control
policy  based  on  human  demonstrations  to  assemble  the  timber
part  into  the  mating  element[22].  The  trained control  policy  could
be transferred to other peg-in-hole tasks, including nut-bolt-place
and LAN port insertion. To further improve the generalization of
the  control  policy,  researchers[5, 7, 8] introduce  the  visual  modality
into  the  observation  space.  Compared  to  the  proprioceptive
modalities,  visual  representation  containing  explicit  semantic
information  is  beneficial  to  the  task.  The  trained  control  policies
can  implement  the  peg-in-hole  assembly  in  various  scenarios.
According  to  previous  robotic  control  strategies,  one  approach
sets  the  joints’ actuation as  actions.  Therefore,  the  control  policy
outputs  torque/force  directly  to  control  the  robot.  The  other
approach  combines  the  controller  and  control  policy,  where  the
control  policy  will  output  action  in  Cartesian  space  and  then
transfer to joint space using the controller. Considering the black-
box  property  of  the  neural  network,  this  study  combines  the
Cartesian space impedance controller  with the sequential  control
policy to ensure safety in the process. 

1.2    Long-horizon planning task
In  the  practical  application  fields,  there  are  many  long-horizon
tasks  across  different  intermediate  states,  like  dexterous  hand
manipulation[23, 24].  Training  a  control  policy  that  could  guide
robots  through  these  tasks  is  challenging  due  to  errors
accumulating throughout the process and the complicated success
conditions.  Moreover,  the  end  states  of  some  key  intermediate
states  are  crucial  for  overall  success.  For  example,  in  the  peg-in-
hole  assembly,  the  end  state  of  the  picking  step  is  important  for
the  next  step:  alignment.  If  the  peg  is  not  correctly  oriented,  the
control policy may repeatedly attempt to adjust it  or get stuck in
the suboptimal robot gestures, eventually leading to failure.

Dividing  the  long-horizon  task  into  reusable  and  basic  sub-
tasks, each implemented with specific control policies in sequence,
is  an  effective  and  proven  method[4, 25].  The  sub-task  is  typically
simple  and  primitive,  making  the  training  setup  explicit.
Specifically,  the  reward  function  is  clear  and  straightforward.
Additionally,  the  sub-task  can  also  be  divided  by  the  interaction
type,  such  as  continuous  contact  and  discontinuous  contact[19]

stage, which are suitable for model-based and model-free methods
separately. Several studies successfully use the control policies for a
series  of  sub-tasks  to  implement  the  long-horizon  task[26, 27].  The
policy training methods for sub-tasks include policy learning from
demonstration[28−30],  unsupervised  exploration[31],  and  manual-
defined methods[32, 33].  The sub-tasks  in  this  study are  the  classical

robotic  manipulation  task[34],  so  the  PPO  algorithm[35] is  used  to
train control policies for them.

Policy chaining is important for sequential control policies, as it
ensures  a  valid  high-level  trajectory  plan  and  seamless  transition
among  sub-tasks.  Adding  the  terminate  states  of  the  preceding
policy[36, 37] is  helpful  in  estimating  the  transition  state.  However,
compression  of  terminate  states  is  challenging  in  complex  tasks
like  humanoid  operations  with  high-dimensional  action  or  state
space.  Thus,  training  a  discriminator  to  estimate  the  terminate
states  is  an  effective  solution[38].  Hierarchical  reinforcement
learning  can  also  be  used  to  decide  the  stages  of  complex  tasks
while  integrating  human  knowledge[21].  In  the  peg-in-hole
assembly task, the state of the peg can directly indicate the states,
lifted, aligned, or inserted. Therefore, in this study, the peg’s state
is  directly  used  to  identify  these  different  intermediates.  The
corresponding control  policy  is  applied  at  each intermediate  and
will be transferred to the following policy once the peg reaches the
next intermediate steadily. 

1.3    Representation learning for robotic manipulation
Representation  Learning  is  a  helpful  technique  for  extracting
meaningful  patterns  from raw data  to  create  representations that
encode  the  significant  information  or  invariant  features  behind
the data[39]. In robotic manipulation, this technique can be used to
extract  low-dimensional  representation  containing  semantic
information from high-dimensional data,  especially for capturing
dynamic or geometric information from images[13]. The learnt low-
dimensional  representation  could  be  used  directly  in  the  policy
learning process for the specific manipulation task. References [5,
7]  encode  the  multimodal  representations  from  four  different
sensors,  which  are  then  used  for  policy  learning.  The  trained
control  policy  can  implement  the  single  peg-in-hole  task  and  be
transferred  to  different  object  geometries.  In  the  research  of
multiple peg-in-hole tasks, the visual representation, including key
features  in  RGB  images,  is  used  as  part  of  observation  in  policy
learning.  The  control  policy  can  implement  the  multiple  peg-in-
hole task and has a strong generalization ability to various cross-
sectional shapes.

Except  for  the  direct  involvement  in  the  policy  learning,
representations  with  semantic  information  can  also  be  used  to
provide pose information explicitly and flexibly instead of manual
calibration each time in new scenarios. References [40, 41] use the
contrastive learning method to learn invariant and transformative
representations for the 3D pose estimation of hand and household
objects.  Because  of  the  effectiveness  of  the  large  model,  some
works[42, 43] apply  the  CLIP[44] and  visual-language  model  to
understand  the  scenarios  and  provide  pose  information  for  the
grasping or placing task.

To  further  enhance  the  flexibility  of  SeqPolicy  in  different
working  scenarios,  a  simple  and  computationally  efficient  pose
estimation  method  is  applied  to  estimate  the  object  pose  in  the
robot base frame directly without the need for calibration in each
new  scenario.  One  Siamense-CNN[45] is  trained  to  generate
representation  mainly  containing  the  object’s  pose  information,
which is used to estimate the hole’s plane position. The estimated
result is provided to the control policy directly as the observation. 

2    Problem Statement
The  multiple  peg-in-hole  assembly  simulation  environment  is
constructed  in  the  Isaac  Gym  simulator  as  shown  in Fig.  3.  It
contains the Franka Emika Panda robot with a Franka Emika two-
finger  gripper  as  the  end  effector,  and  objects  (peg  &  hole)  are
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loaded  on  a  white  square  table.  The  objects’ three-dimensional
model is depicted in Fig. 4.

In  the  simulation  environment,  the  robot  interacts  with  the
objects over finite steps to pick the peg in the random initial state,
align it  with the hole,  and insert it  into the hole.  Compared with
the  single  peg-in-hole  assembly  task,  this  task  has  strict
requirements  for  the  object  pose  to  successfully  align  and  insert
the  peg  into  the  hole.  Moreover,  the  variation  in  the  grasping
point and the broader range of initial states for the objects create a
more general and challenging environment compared to previous
setups[5].

Π
This task can be seen as apartially observable Markov decision

process  (POMDP).  The  control  workflow  is  designed  to
sequentially  execute  the  sub-tasks  by  maximizing  the  expected
cumulative reward:

Π =
{
π∗

pick,π∗
aligned,π∗

insert

}
(1)

π∗ = argmax
π

Eπ

[ N

∑
t=0

γtr(st,at)

]
(2)

Π
N

γ ∈ (0, 1]
t st at

r(st,at)

where  contains the control policies for executing the sub-tasks:
picking the peg, aligning, and inserting the peg into the hole.  is
a  hyperparameter  determining  the  maximum  steps  and  the
discount  factor: .  During  the  training,  the  state  in  the
time  step  is  denoted  as .  Based  on  the  action  taken  at  the
time step, the reward  is obtained.

The objective is to effectively train the control policies for each
sub-task, ensuring that the robot accurately completes this task. 

3    Methodology
Several  methods  are  utilized  to  implement  this  multiple  peg-in-
hole task. To simulate the real-world dynamic for policy learning
and testing, domain randomization[46] is applied in the constructed
simulation  environment,  including  changing  light  and  float
physical parameters to ensure the robusticity of the control policy.
The  randomization  parameters  are  listed  in Table  1.  The  task  is
treated as a long-horizon task and is  divided into three common
sub-tasks: picking, alignment, and insertion. The PPO algorithm is
applied to  train  the  sequential  control  policies,  guiding the  robot
to  conduct  the  sub-tasks  in  sequence  and  implement  the  whole
task. The task configuration is described in Section 3.1.

Observation  is  critical  to  the  control  policies,  so  an  ablation
experiment is conducted to test the different observations and the
result  is  shown  in  Section  4.3.  The  most  relevant  modalities  are
objects’ pose,  proprioception,  and  force  signal.  Different  sensors
in each modality  are  combined to  form the  observation space  in
the  experiment.  Pose  information  is  the  most  important,  but
obtaining  an  accurate  pose  is  complex  in  real  experiments.
Therefore, the RGB image, which contains pose information and
low-cost  to  collect,  is  an  alternative.  To  extract  the  pose

information  and  improve  sample  efficiency,  as  described  in
Section 3.2, low-dimensional visual representation is learned from
the  high-dimensional  RGB  images  using  contrastive  learning
methods to estimate the objects’ pose. 

3.1    Reinforcement learning-based robotic control
Control  policy  and  impedance  controller  are  both  applied  to
control  the  robots.  The  neural  network  in  the  control  policy
processes  the  collected  observations  and  outputs  the  following
states in Cartesian space for the robots. The impedance controller
can avoid any collision or damage in case of some outlier actions
from the network.

at t

The  action  space  in  this  study  is  8-dimensional  with  the
moving  of  position,  orientation  of  the  mid-point  between  two
fingers,  and  the  open/close  signal  of  the  gripper.  Orientation  is
represented  with  quaternion.  The  action  in  time  step  is
defined as the difference between the current and desired state:

apos
t = pt+1−pt,p= [x,y,z] (3)

aori
t = qt+1−qt,q= q0+q1i+q2j+q3k (4)

t agri
t ∈ [0, 1]

pt qt

t apos
t aori

t

where  is the process’s time step and  is the state of the
gripper, and 1 stands for open while 0 means close.  and  are
the scalar values of the mid-point position and orientation in the
time .  and  are  the  outputs  of  the  action  by  the  control
policy.  Instead  of  directly  outputting  the  predicted  state,  the
distance  between  the  predicted  and  current  state  is  used  in  this
study.

Xpeg,qpeg,Xhole,qhole θ F
Xeef,qeef

Observation  space  has  33  dimensions,  including  peg  and  hole
pose: ,  joint  angles  and  forces ,  and  end-
effector’s pose .

Proximal  policy  optimization  (PPO):  PPO  is  a  popular
algorithm,  and  it  is  applied  in  this  study  to  train  control  policy
with gradient clip and generalized advantage estimation (GAE) to

 

Fig. 3    Multiple peg-in-hole assembly scenario in simulation.
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Fig. 4    Three-dimensional model of peg and hole.

 

Algorithm 1　SeqPolicy for multiple peg-in-hole assembly

θ φ
Initialize domain randomization parameters in simulator, policy network

 and value function network 
for sub-tasks: picking, alignment, insert do

　Set the initial state

　repeat

st at t　　Observe state , output action  for  timesteps

T　　Calculate joint actuation 

rt AGAE
t　　Observe reward  and calculate reward 

　　Update policy by maximizing PPO objective

　　Fit value function on mean-squared error

　until Convergence to the controlled end-state

end for
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λ
make  the  policy  learning  robust.  GAE  is  an  exponentially
weighted average of n-step returns with decay parameter :

δt = rt+ γV(st+1)−V(st) (5)

AGAE
t =

T

∑
l=0

(γλ)lδt+l (6)

γ rt
t V(st) st

δt λ = 0

λ = 1
Gt

λ ∈ (0, 1)

where  is  the  discount  coefficient,  is  the  returned  reward  in
time  and  is the state value in the state . They are used to
calculate the temporal difference (TD) error . When , the
return  becomes  the  single-step  return,  which  introduces  low
variance  but  high  bias.  While  recovers  the  Monte-Carlo
return , bringing non-bias but high variance. The intermediate
values of  trade off the balance of the bias and variance in
the training process.

To  avoid  the  gradient  explosion,  the  gradient  clipping
technique is used to limit the gradient to a reasonable bound. This
prevents  the  new  policy  from  being  far  from  the  old  policy,
keeping  the  training  process  stable.  Therefore,  the  training
objective can be written as:

Rto =
πθ(at|st)
πθold(at|st)

(7)

argmax
θ

Et [min(Rto∗AGAE
t ,clip(Rto, 1− ϵ, 1+ ϵ)AGAE

t )] (8)

ϵ
Rto

where  is  a  predefined  parameter.  The  objective  is  to  use  a
clipped  probability  ratio  to  limit  the  change  in  the  policy
update and ensure the training is stable.

Considering the sub-tasks in this study are primitive skills that
are  simple  and  straightforward  and  do  not  require  extensive
exploration  capabilities.  Therefore,  the  PPO algorithm is  suitable
because  of  its  stable  performance during training and robustness
across  various  environments.  As  shown  in  Algorithm  1,  the
SeqPolicy is trained with the PPO algorithm for all the sub-tasks:
picking, alignment, and insertion. 

3.2    Visual representation learning
The contrastive learning method is used in this paper to generate
low-dimensional  visual  representations  mainly  containing  pose

information  from  high-dimensional  RGB  images.  In  this  study,
the objects are placed on the desk, so the object’s height is settled
with  the  desk’s  height,  and  pitch  and  roll  are  not  a  concern.
Therefore,  the  objects’ plane  coordinates  and  yaw  angles  are
recorded  to  identify  dissimilarity  between  the  two  pose  samples.
By  comparing  these  images,  the  neural  network  is  trained  to
minimize  distance  among  images  with  closer  object  poses  and
maximum  distance  among  images  with  highly  different  object
poses.

The  Siamese  network,  including  two  similar  backbone  neural
networks,  is  widely  used  for  comparing  inputs,  which  is  suitable
for contrastive learning[47, 48]. In this study, a Siamese-CNN network
is constructed with the same backbone neural networks. The RGB
images  are  first  converted  to  grayscale  using  the  National
Television  System  Committee  (NTSC)  formula.  The  backbone
neural  network then extracts  the desired representation from the
processed  images.  The  training  process  and  backbone  network
structure are shown in Fig. 5. The inputs are processed to output
representations  and compared to  calculate  similarity  and loss  for
backpropagation. When reasoning, only one backbone network is
activated.  The  structure  of  backbone  networks  is  designed  based
on  the  VGG  structure[49],  which  has  been  proven  suitable  for
displacement recognition in images[45]. In this image, the Maxpool
means  the  max  pooling  with  stride  two  and  2×2  filter,  and  FC
means  the  fully  connected  layer  with  the  output  dimension.  The
convolutional  layer  uses  the  same  padding  and  one  stride,  its
parameters  are  denoted  as  Conv<square  kernel  size>-<output
channel  number>,  and  the  activation  function  is  ReLU.  The
dataset  is  constructed  with  images  collected  in  the  simulation
environment  when  the  objects  are  in  different  positions  and
orientations. Figure 6 shows some examples.

This  training  process  uses  the  information  noise  contrastive
estimation (infoNCE) loss function to identify positive and negative
samples. The scalar value 1 means the object’s state in this image
pair is identical, while 0 represents the biggest difference.

LInfoNCE =− 1
N

N

∑
i=1

log
exp(sim(zi,zj)/τ)

N

∑
k=1,k̸=i

exp(sim(zi,zk)/τ)
(9)
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Fig. 5    Visual  representation  learning  pipeline.  The  image  pair  is  processed  by  two  backbone  networks  in  Siamese-CNN  separately.  Then  a  pair  of  128-
dimension  visual  representations  is  output,  which  can  be  directly  used  for  the  pose  estimation  task.  By  comparing  these  two  representations,  the  estimated
similarity is calculated. The loss is finally calculated based on ground truth and estimated similarity, which is used to update networks’ parameters.
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N
zi zj

zk
τ

where  is  the  number  of  samples  in  the  batch,  including  the
positive pair and  is the representation vector of each sample. 
is the positive sample representation vector, and  is the vector of
other  samples  in  the  batch(i.e.,  the  negative  samples).  is  the
temperature  parameter,  controlling  the  sharpness  of  the
distribution. Lower values make the model focus more on harder
negatives.

x,y

These  representations  are  further  used  as  input  to  a  simple
multilayer  perceptron  (MLP)  network  with  two  layers,  which
outputs  the  hole’s  plane  coordinates,  and  yaw  angles.  These
coordinates  are  then  provided  to  control  policies  as  part  of  the
observations. 

4    Experiments
We  validate  the  proposed  method  in  this  established  simulation
environment  mentioned  above.  First,  the  training  process  and
generalization  test  of  sequential  control  policies  are  described.
Then, the Siamese-CNN is trained with the image dataset, and the
visual  representation  from  the  backbone  network  is  used  to
output  the  hole’s  planar  coordinates  and  rotation  angle  around
the Z-axis.  The  pose  information  is  sent  to  the  control  policy  to
implement the alignment and insertion task. 

4.1    Experiment setup
To  improve  the  adaptability  of  control  policies,  domain
randomization is applied. The Gaussian noise is introduced to the
sensor  data,  and  several  parameters  are  set  dynamically,  as  listed
in Table 1.

The  objects  are  randomly  spawned  in  the  listed  initial  pose
range with random physical parameters. When the gripper grasps,
the  grasp states  where  the  fingers’ pose  on both sides  of  the  peg

are  uncertain.  Other  environmental  parameters  like  gravitational
acceleration  and  friction  coefficient  are  also  uncertain  in  each
training epoch to simulate the dynamic world environment.

In  the  policy  learning  process,  each  episode  contains  120
training  steps,  and  it  terminates  when training  steps  over  120  or
the  success  condition  is  satisfied.  As  mentioned  before,  this  task
has been divided into three sub-tasks,  and the success conditions
of  each sub-task are  picking up the  peg,  peg in  a  similar  pose  as
the hole, and peg inside the hole.

The reward functions of each sub-task and single control policy
are shown below.

Picking: Picking the peg and lifting it with a desired orientation
and height.

DGP =
√

(qeef −qpeg)2+(Xeef −Xpeg)2 (10)

rGP = 1− tanh(DGP) (11)

DGP

qeef qpeg

Xeef Xpeg x,y,z

rGP DGP

Distance  between  the  gripper  fingers’ midpoint  and
gripping points in the peg, and  and  are the quaternion of
the  gripper  and peg separately,  while  and  are  the 
Cartesian  coordinate  of  gripper  fingers’ midpoint  and  peg.  The
reward  increases while the distance  decreases.

Dq =
√

(qexpect −qpeg)2 (12)

Dheight = |Hpeg −Hexpect| (13)

rG = 10× (1− tanh(0.6×Dheight +0.4×Dq)) (14)

rpick =

{
rGP, if Hpeg = 0;

rG+ rGP, otherwise
(15)

Dq Dheight

qpeg

Hpeg qexpect

Hexpect rpick

To control the end state of this sub-task,  and  are set
to measure the distance between the current orientation  and
height ,  and  the  desired  end  orientation  and  height

.  The  final  reward  is  calculated  based  on  the  peg’s
situation.

Alignment:  The  peg  should  be  aligned  to  the  hole  where  the
peg heading vertically to the hole and their center is closed.

Dq′ =
√

(qhole −qpeg)2 (16)

Dcenter =
√

(xhole −xpeg)2 +(yhole − ypeg)2 (17)

raligned = 10× (1− tanh(Dq+Dcenter)) (18)

Dq′

Dcenter raligned

with smaller orientation distance of  and center point distance
between peg and hole , the reward  increases.

Insertion:  When  the  peg  is  aligned  with  the  hole,  the  robot
should push the peg downward and insert the peg into the hole to
finish the assembly task, the reward function for the insertion sub-
task is defined below:

Dz = |zpeg − zhole| (19)

rinsert =

{
1− tanhDz, if Dcenter < 0.01 and Dq′ < 0.02;

0, otherwise
(20)

rinsert Dzwhere the reward  increases when shorting the distance  of

 

Fig. 6    Dataset  examples.  The  dataset  contains  2000  images  captured  from
the side view, and their resolution is [128, 128, 3] (height, width, channel).

 

Table 1    Simulation environment variables.

Variable Range

Grasp state Uncertain

Object initial position ±0.18 m

Object initial rotation ±0.22 radian

Gravitational acceleration ±0.02 m/s2

Mass 0.2−0.3

Joint stiffness ±0.1

Joint damping ±0.1
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zpeg zholethe  height  of  peg  and  hole ,  under  the  alignment
condition.

Single  control  policy:  There  are  two reward functions  for  the
single control policy, parse, and dense reward function. The dense
reward function simply combines all  the reward functions in the
previous  sub-tasks.  In  the  parse  reward function,  the  reward can
only  be  obtained when the  success  condition is  achieved,  that  is,
when a peg is inserted into the hole.

In the Isaac Gym, 8192 parallel environments are generated for
training,  and  the  entire  training  epochs  are  1000.  The  collected
data  are  states,  observations,  actions,  and  rewards  from  all  the
parallel environments. All the training hyperparameters are listed
in Table 2. 

4.2    Policy learning
As  the  definition  of  action  space,  observation  space,  and  task  in
Section 3.1 and Section 4.1, the policy is trained in the simulation
environment.  The  policy  learning  process  of  sequential  control
policies and single control policy is shown in Fig. 7.

According to the results, it is clear that the training process for
sequential  control  policies  is  more  effective  than  that  of  single
control  policy.  In  the  training  of  control  policy  in  each  sub-task,
the  control  policy  converges  quickly,  achieving  the  goal  quickly

with  around  150  epochs  and  keeping  the  performance  stable.
However, the training in single-policy learning is difficult and fails
to achieve the ultimate goal.

There  are  two  reward  functions  used  in  the  single  control
policy  training.  The  parse  reward  just  sets  the  reward  when  the
final  goal,  inserting  the  peg  into  the  hole,  is  achieved,  and  the
dense  reward  simply  combines  all  the  sub-task  reward  functions
in sequential control policy. During the long training process, the
exploration possibility is huge, and the sample efficiency is low, so
it  is  difficult  to  find  a  solution  with  the  sparse  reward.  The
performance  for  dense  reward  is  better,  but  the  control  policy  is
stuck  in  some  sub-optimal  situations,  leading  to  failure  in  the
entire training as the intermediate states are not clearly stated. For
example,  the  peg  keeps  heading  in  the  opposite  direction  of  the
hole, specifically heading top instead of heading down, or the peg
drops  from  the  gripper,  and  then  the  control  policy  keeps  the
gripper  close  and  can  never  grasp  the  peg  anymore,  which
happens  around  the  500  epochs  in  the  single  policy  learning.  In
contrast, the configuration of the sub-tasks is simple and concise,
and the PPO algorithm is stable and robust, so it has a satisfactory
and stable performance. 

4.3    Abaltion experiment and generalization test
The  observation  space  in  the  previous  research  varies.  Still,  they
focus  on  three  modalities:  object  pose,  proprioception,  and  force
feedback,  and there are many sensors that  could be used in each
modality.  To  simplify  the  perception  system  and  introduce  less
noise, this ablation experiment is conducted to explore a universal
observation that provides enough information with fewer sensors
in these multiple peg-in-hole assembly tasks. Considering the peg-
in-hole  task mainly  focuses  on precise  insertion,  in  the following
experiments,  the control  policy is  trained to implement the align
and  insert  task  with  different  observations.  After  the  trained
control policy achieves the goal and keeps the performance stable,
the  success  rate  is  calculated  based  on  the  successful  insertion
environments in a total of 8192 environments. The dimensions of
different observations is shown in Table 3.

 

Table 2    Policy leaning parameters.

Parameter Value

Environments 8196

Batch size 16 384

Episode 120

Learning rate 5×10−4

Reward scaling 1

Clip range 0.2

Discount factor 0.98

GAE factor 0.96
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Fig. 7    Policy learning curve for sequential control policy (top) and single control policy (bottom). The top three plots represent the average reward curve in
each  training  epoch  of  control  policies  for  three  sub-tasks.  The  bottom  plot  represents  the  best  training  process  of  a  single  control  policy  with  two  reward
functions within the same epochs.
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The  pose  includes  the  three-dimensional  spatial  position  and
orientation  represented  by  a  four-dimensional  quaternion.  The
result  is  shown  in Table  4.  The  better  performance  with  more
relevant  information,  but  the  improvement  is  not  obvious  after
achieving  an  80%  success  rate.  Therefore,  the  joint  angle,  hole
position,  and hand joint  force are combined to make a  universal
observation  which  has  13  dimensions.  This  observation  can
provide comprehensive information with less sensor data

To  test  the  generalization  ability  of  the  control  policies,  one
generalization  experiment  is  conducted.  The  previously  trained
policy is applied directly to insert the pegs with different geometry
into the hole. The sequential control policies’ generalization ability
is  proven  with  success  in  all  three  intersecting  surfaces:  ellipse,
square,  and  triangle.  The  insertion  process  is  recorded  in Fig.  8,
and the success rate is shown in Table 5. 

4.4    Pose estimation
As the training process described in Section 3.2, a Siamese-CNN is
trained. Some results with processed images are shown in Fig. 9.

The  results  confirm  that  the  visual  representation  effectively
identifies  the  objects’ pose.  Therefore,  the  visual  representation
passes  a  three-layer  MLP network to output  the predicted hole’s
planar  position.  The prediction frequency could achieve  50Hz in
the  computer  with  GeForce  RTX  2060  GPU  and  Intel  i5-8300
CPU, which is sufficient for the real experiment.

Finally, in the policy learning process of the alignment sub-task,
the visual representation is extracted from the images and used to
estimate the hole’s position online. This position is used as part of
the observation in the training process,  and the learning curve is
shown in Fig. 10.

According to  the  learning curve  in Figs.  7 and 10,  the  control
policies  with  estimated  and  accurate  pose  information  both
achieve  the  goal.  However,  the  learning  process  with  estimated
pose information is less effective. The instability in pose estimation
brings  vibration  into  policy  learning,  which  causes  a  slower
convergence speed and the held peg floating slightly, which should
be  stable.  To  exploit  the  full  potential  of  the  control  policy,  the
explicit success criterion is not set in this training, and the reward

scale is larger. Consequently, the reward climbs slowly over time.
In  fact,  when  the  reward  value  exceeds  250,  the  control  policy’s
performance  is  already  satisfactory,  although  the  gripper  keeps
waggling slightly. 

5    Conclusion and Discussion
This  paper  presents  a  solution  for  the  multiple  peg-in-hole
assembly  task,  which  can  be  transferred  to  other  scenarios  with
varying object geometry, achieving an over 80% success rate. The
uncertainties  of  grasping  place,  large-scale  random  initialization
states,  and  domain  randomization  are  incorporated  into  the
simulation  environment  to  improve  the  control  policies’
adaptability.

SeqPolicy  demonstrates  higher  training  efficiency  and  stable
performance  compared  with  the  single  control  policy  for  long-
term multiple  peg-in-hole  assembly  task.  During  policy  learning,
SeqPolicy  converges  quickly  around 200 epochs  and maintains  a
high  success  rate  across  several  runs.  Additionally,  the
intermediate states,  like lifting height,  can be controlled based on
expert  experience,  which  is  beneficial  for  improving  sampling
efficiency and flexible deployment in specific scenarios. To reduce
the  computational  complexity,  one  ablation  experiment
investigates  the  compact  universal  observations:  hole’s  planar
position,  joint  angles,  and  hand  joint  force  with  13  dimensions.
Furthermore,  the  pose  estimation  method  publishes  the  hole’s
pose  at  a  high  frequency,  around  50  Hz,  and  assists  the  control
policy in implementing the alignment task very well.

This  pipeline  implements  the  long-term  peg-in-hole  assembly
task  with  a  higher  training  efficiency,  stable  performance,  and
lower computational complexity. It can be flexibly applied to peg-
in-hole assembly scenarios by fine-tuning the control policies with
expert  experience.  However,  in  the  real  experiment,  the
observation should be adjusted based on the degrees of freedom of
specific robots. For example, the Universal Robot has 6 degrees of
freedom, while a Franka robot has 7 degrees of freedom.

 

Table 3    Observation dimensions.

Observation Dimension

{peg, end-effector, hole} pose 7

Joint angle 7

Hole position 3

Hand force 3

 

Table 4    Ablation experiment result.

Observation Sucess rate

Peg pose, end-effector pose, hole pose, hand force 0.912

Peg pose, hole position 0.898

Joint angle, hole position, hand force 0.882

End-effector pose, hole position 0.497

Joint angle, hole position 0.514

Joint angle, hand force 0.012

 

Fig. 8    Success examples of square (top), triangle (middle), and ellipse (bottom) in the generalization test.
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This  work  explores  a  potential  general  framework  for  solving
the  multiple  peg-in-hole  assembly  task  with  uncertainties  of
grasping  location,  object  geometry,  and  initial  working  states.  Its
expansion  potential  is  promising,  especially  with  techniques  in
large models and visual representation. The large language model
could  be  investigated  to  facilitate  decision-making  regarding  the
control  policy  based  on  the  specific  scenarios  and  human
command (e.g.,  audio  or  textual)  for  automatic  policy  transition.
Additionally,  the  visual  representation  could  be  improved  using
real-world  datasets  to  estimate  the  object  pose  accurately  in
complex  and  unstructured  environments,  which  could  further
improve  the  solution’s  adaptability  in  general  scenarios,  even
including household scenarios. 
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