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Abstract— Contact-rich industrial manipulation poses a sig-
nificant challenge for reinforcement learning policies, requiring
dexterous interactions with objects exhibiting complex contact
dynamics. Additionally, in industrial applications, completion
deadlines are equally important to task success, for integration
into wider processing pipelines. Further, in the standard re-
inforcement learning setting, failure to account for remaining
time in episodic tasks can result in state aliasing or inconsistent
temporal difference errors, therefore, this research work seeks
to determine the most effective integration of time limits in
policy learning. We propose that the remaining time be used
as both an input and a scaler for the task success reward,
demonstrating the effectiveness for the dexterous unscrewing
of a nut from a bolt. The resulting time-based policy completes
the unscrewing task with a success rate of 90% in 10 simulated
trials, the highest of all approaches considered, including a
standard baseline. It takes an average completion time of 21.67
seconds across the trials, given a 35 second time limit, which,
while not the fasted method considered, may indicate more
stable motion resulting from awareness of the time limit. Finally,
the efficacy of the learned unscrewing policy is validated on a
real UR5e manipulator for the nut-bolt disassembly task.

I. INTRODUCTION

Contact-rich industrial manipulation, while of great inter-
est in the re-manufacturing economy, is challenging to auto-
mate, particularly due to the complex interaction dynamics
between the objects to be manipulated, which often requires
considerable dexterity to navigate and significant computa-
tional resources to simulate. Despite these constraints, the
dismantling of end-of-life products is of particular interest in
the automotive sector, where an efficient, widely applicable
method is essential for meeting sustainable development
goals [1], [2]. In the literature [3]–[5], there are several exist-
ing frameworks for dismantling such products. These often
separate the task into several simple, well-understood phases,
such as the removal or reorganization of basic components,
typically executed according to a high level planner which
determines phase ordering and possible failure modes. Such
systems often take the form of a Finite State Machine (FSM),
operating a rule-based policy against live vision feedback.
However, the design of general, robust rules for many parts of
interest is a very cumbersome task and is very hard to scale
to complex assemblies. Likewise, solely relying on vision
feedback is infeasible in many environments, particularly
where the robot performing the task can occlude the objects
being interacted with due to a lack of on-board cameras.
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Where such line-of-sight issues can arise, systems that have
the capability to augment known object states with robot
kinematics and force feedback are of great interest [6],
[7]. Given their success across a wide variety of fields,
embodied AI agents have emerged as a viable option for
learning the required behavior directly from interaction data.
In particular, machine learning methods attempt to establish
a control policy from demonstration data, an approach that
has demonstrated broad effectiveness and generalization for
many current disassembly tasks of interest [8]. However,
data collection for contact-rich tasks that require dexterous
motion alongside representative force and kinematic data
is very time and labor intensive and is therefore often
infeasible in many industrial settings. Several research works
have proposed reinforcement learning methods as a potential
solution, performing the combined role of path planning and
task decision making optimized solely from a task reward
using trial and error [7], [8] .

In the last decade, reinforcement learning algorithms have
been successfully applied to many robotics control problems,
including pick-and-place tasks, dexterous in-hand manipula-
tion and contact-rich assembly and disassembly [9], [10].
Contact-rich disassembly tasks in particular have received
comparatively less focus within the research community,
partly owing to their complexity to complete and the cost
of accurate simulation. More recently, the emergence of
End-to-end GPU-vectorized simulators, such as IsaacLab,
mitigate the computational cost of accurate dynamics sim-
ulation using parallel training environments [11]. This has
allowed a renewed research focus on policy learning for
assembly and disassembly applications. Y. Narang et al. have
also presented IsaacLab’s Factory simulation environment
for the task of screwing a nut and bolt [12]. In addition,
existing work has applied the infinitely rotating HEBI X-
series gripper to train a policy for fast completion [13]. In
addition, reinforcement learning for human-robot collabora-
tion, applied to nut unscrewing on an electric vehicle battery,
has also been explored, though still with an infinitely rotat-
ing gripper [14]. These approaches are effective, however
many robotic manipulators used for assembly/disassembly
tasks can only perform a fixed number of wrist rotations,
requiring a more dexterous motion [9]. Additionally, this
can introduce efficiency challenges, since the limits of the
manipulator must be respected while the task objects are
manipulated. This makes previous approaches less suited
to autonomous disassembly, but further highlights the need
for a reinforcement learning method which considers these
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constraints.

This research work concerns the application of reinforce-
ment learning for such disassembly tasks, where dexterous
motion is required given finite wrist rotations, applied to the
unscrewing of a nut in a nut-bolt assembly. This task has two
basic phases: a) unscrewing the nut from the bolt through a
combination of grasping, rotating and re-grasping, requiring
both discontinuous contact and efficient handling of the end-
effector, and b) a separation phase where the nut must be
separated from the bolt with stability using the end-effector,
then brought to a final target position.

In the standard reinforcement learning setting, F. Pardo
et. al. have presented the effective integration of time limits
as part of the environment state, arguing that this mitigates
state aliasing in finite-horizon Markov Decision Processes
[15]. Alternatively, they suggest that when these time limits
are imposed exclusively during training, they may not be
considered part of the environment, and therefore value
bootstrapping at states where the time limit is reached can
prevent inconsistent temporal difference updates. This work
evaluates the use of time limits across a broad set of standard
continuous control tasks. However, these problems mainly
possess smooth-continuous dynamics, with minimal or no
objects to manipulate or contacts between them, as well as
relatively few constraints on the feasible motion or allocated
completion time. This is in sharp contrast to many indus-
trial applications, such as part disassembly, where there are
often many complex objects with interlocking non-convex
geometries in the task environment, which must be separated
dexterously, with minimal induced collisions, and ideally,
within a known time limit for the purposes of efficiency,
planning and cost evaluation. Given these constraints, we
argue that effectively integrating time limits into policies
for contact-rich robotic disassembly tasks is an essential
and under-explored research area for industrial applications,
which we pursue under the time limit framework presented
by F. Pardo et. al., in [15], as well as through the task reward.

Following the above discussion, this research work ex-
plores several methods of integrating time limits into rein-
forcement learning policies trained for contact-rich manipu-
lation tasks, applied to the problem of dexterously unscrew-
ing a nut and bolt with finite wrist joint rotations. The major
contributions of this research work are as follows:

1) The integration of time limits into the reinforcement
learning policy is explored as both an input to the
agent and to the reward function, applied to the task
of unscrewing a nut.

2) The reward is designed to enforce one overall behavior
which matches realistic human wrist motions.

3) The efficacy of the learned policy is validated on a real
UR5e manipulator for unscrewing a nut and bolt.

To the best of authors knowledge, no relevant work has fully
addressed all these topics.

Fig. 1: System Overview

II. METHODOLOGY

A. System Overview

Fig. 1 shows a schematic overview of the proposed method
applied to the unscrewing task using a UR5e manipulator
with a Hand-E gripper. The control policy generates target
cartesian displacements and axis-angle offsets for the end-
effector, as well as target gripper position, according to
the current object poses, joint positions, end-effector pose,
and contact forces. The resulting displacements are trans-
formed to joint space as a servo position using inverse
kinematics. The target joint positions are clipped to satisfy
velocity constraints and are fed to a trajectory generation
block which attempts to minimize jerk. Using a GPU-
vectorized IsaacLab environment built upon the provided
Factory framework, the policy is trained for 24 hours across
128 parallel environments using a single NVIDIA RTX
6000 Ada GPU. The proposed system operates at multiple
frequencies for control of the simulator, simulated robot and
real robot. Each dynamics step of the simulator occupies
1

120 seconds, with the control policy operating at 20Hz, or
once per 6 simulation steps. The real UR5e manipulator is
controlled through the RTDE protocol at 480 Hz. To reduce
the Sim2Real gap, we have performed system identification
of the physical parameters of the simulated robot, using a
vectorized particle swarm optimizer, following the method
proposed in the literature [16]. Fig. 2 shows the impact of this
step on one sample joint position and velocity trajectory, with
identification performed on the simulated joint stiffness, joint
friction, and link masses. The joint stiffness and friction [K
& F] were optimized in two groups. The first group consists
of three joints, namely the shoulder, elbow, and forearm
joints and the second group is made up of the last three
remaining wrist joints. The optimized parameter values for
both groups were found to be [24868, 2.0] and [5652.27,
0.1], respectively. The optimized link masses, in the order
of the base joint to the gripper, are as follows: [m1=3.768,
m2=7.958, m3 =2.746, m4=1.269, m5 = 1.200, m6 = 0.315,
Gripper = 1.399].

B. Concept of Time Limits

Reinforcement Learning is a problem setting in which an
agent defined by a decision policy π must determine se-
quences of actions which maximize the expected cumulative
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(a) Measured Joint Positions
(Without SysID)

(b) Measured Joint Velocities
(Without SysID)

(c) Measured Joint Positions
(With SysID)

(d) Measured Joint Velocities
(With SysID)

Fig. 2: System Identification

reward in a Markov Decision Process (MDP). An MDP
expresses a task environment with sequences of states st ∈ S
and actions at ∈ A, a transition function p(st+1|st, at) and a
reward function r(st, at). In robotics control tasks, typically
A ⊆ R. The environment may have an infinite time horizon
or consist of fixed-length episodes. Additionally, a constant
γ ∈ [0, 1] is used for discounting the cumulative reward.
An agent’s decision policy is optimal when it maximizes
Eπ[

∑T
t=0 γ

trt]. Time constraints of a task can be specified in
several ways in reinforcement learning problems. In the stan-
dard setting, the discount factor, γ, can be tuned to indicate
the preference for immediate rewards in a task expressed as
an MDP. An optimal policy π∗ must maximize the expected
discounted cumulative reward, and so an agent must learn
to achieve greater rewards earlier. Task time limits can be
enforced by defining an MDP with fixed-length episodes
which are terminated by deterministically or stochastically
resetting the environment state. In the literature [15], authors
have argued that as termination happens according to the time
limit, the remaining episode time is a state variable within
the MDP. This means the environment is partially observed
when the remaining time is not known to the agent, and
the state with remaining time zero is considered a terminal
state equivalent to any other state-based episode termination
criterion such as task success or failure. This is treated
as distinct from the case where time-limited episodes are
imposed exclusively during training to accelerate learning.
This can cause inconsistent temporal difference errors, since
value bootstrapping is used for states only if they are
reached within the time limit. The authors propose instead
to bootstrap where a state is otherwise non-terminal. We
argue that both cases are relevant and applicable to industrial
manipulation tasks. Where a task completion deadline is
imposed, a control policy which can trade off speed and
stability based on the time limit, without additional reward
engineered for these quantities directly, may be preferable.
Particularly in the contact-rich setting, unnecessarily quick
motions may cause undesirable robot-object or object-object
collisions, which awareness of the remaining time may
prevent. Further, as the complexity of the manipulation task
increases, it is possible that fixed interval resets during
training may be practical for learning the dexterous motion

at each phase of the task more quickly, particularly where
certain phases of the task may be more contact heavy,
requiring more experience to learn due to object interaction
dynamics. To thoroughly explore both scenarios, we train
and evaluate our policy with the remaining time as input, as
well as with value bootstrapping from states where the time
limit is reached. We used an episode length of 35 seconds
of simulation time, or 700 dynamics steps for the nut and
bolt unscrewing task. When given as input to the policy, the
remaining time is normalized to the [0, 1] interval through
division by the time limit. Aside from this limit, our task
does not include any terminal states, meaning the policy can
accumulate additional reward by completing the task earlier
in the episode. Since the remaining time can be recognized as
a valid state variable, we also evaluate the effect of explicitly
rewarding the policy in proportion to the remaining time
when the task is completed, for comparison with the standard
setting where the discount factor is used for this purpose.

C. Algorithm

Proximal Policy Optimization is a model-free reinforce-
ment learning algorithm which produces a stochastic policy,
updated iteratively from the most recent environment transi-
tions [17]. The policy is parametrized by an actor network,
which predicts the mean and standard deviation of a Gaussian
distribution from which the current action is sampled. A
critic network predicts the value of states experienced by
the current policy, forming a gradient ascent objective for
the actor in proportion to the estimated advantage, and a
clipped action probability ratio taken between updates. The
critic is trained using its prediction error against the returns
from the same sets of states. We use the PyTorch implemen-
tation provided by the SKRL library [18], which is GPU-
vectorized, optimizing the actor and critic using samples
collected from many parallel rollouts of the current policy,
with actions selected for all environments in a single forward
pass. Separate MLP networks are used for the actor and
critic, with the default learning rate schedule provided. This
decreases and increases the learning rate for both networks
by a constant factor when the KL divergence of the policy
is above and below a set threshold, respectively.

D. Reward

The key inputs of the task reward function are illustrated
in Figures 3 (I), 3 (II), and 3 (III). In Figure 3(III), this
includes the distance d from the nut A to a final target
position, C, at a fixed height above the bolt. Until the nut
reaches the top of the bolt, which is defined as the separation
point, we also reward the policy in proportion to the distance
from the tool-center-point of the end-effector, B, to the
nut A, encouraging stable grasping. Once the separation
point is reached, we provide the maximum of this term per
timestep, to reduce excessive penalization when the policy
unscrews the nut but drops it afterwards. To further ease
simultaneous learning of the contact-rich unscrewing careful
lifting phases, we add additional reward terms based on the
ideal motion at each phase, altered when the nut reaches
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Fig. 3: Key components for proposed reward for the nut-bolt
disassembly task. I and II show multiple possible learned
behaviors. In I, the policy grasps and rotates with the end-
effector, whereas in II, the gripper exterior is used to push.
III shows the key objects used in the reward function. The
two dotted lines represent target points for the nut to reach,
one for separation from the bolt as well as a final target
position. The distance, d, to the final target point is taken
from the nut center where d = 0.0360 m.

the separation point. For the nut and bolt disassembly task,
there are multiple viable unscrewing strategies given finite
wrist rotations, two of which are shown in Figures 3 (I)
and 3 (II). We found that when using rewards solely related
to the task, the policy would typically learn the behavior
shown in Figure 3(II), owing to the fast completion time
achievable by circumventing the limited wrist rotation of
the Hand-E and therefore the time taken to reset the wrist
position and re-grasp the nut at each rotation. While this
behavior may be faster, a control policy which induces
high-speed robot-object collisions is more likely to trigger
a safety stop when deployed on real hardware, or cause
object damage where part materials have limited impact
strength. We assume that the behavior in Figure 3(I) is more
desirable, at a completion speed cost, and incentivize this
dexterous motion through bonus reward terms based on the
end-effector to nut proximity, and the ideal wrist rotation
and gripper motion. The result is a continuous, non-sparse,
reward which increases monotonically with respect to reach
phase of the task, and provides bonuses for the ideal motion.
The combined reward function is given by Equation (1),

rt = rBB1+rBB2+rIM+rNT1+rNT2+rB+rS+rTL (1)

Equations (2-11) present the different components of

the reward function, expressed through a concise notation
detailed in the appendix. rBB1 and rBB2 are active when
the end effector is within predefined boundaries surrounding
the nut, which is determined using the end effector-nut
distances dAB

xy and dAB
z . rIM incentivizes the ideal motion

as illustrated in Fig. 3(I), providing a bonus when the target
gripper positions and wrist rotations, defined by JT, are
followed, and penalizing otherwise. JTH is a signed value
indicating the direction of motion, flipped when the wrist
joint limit is reached. Additionally, this term is only active
when the nut is unscrewed from the bolt, represented by the
condition NU . Prior to separation, rNT1 increases the reward
logarithmically in the z-distance from the nut to its target
position, dAC

z . Once separation occurs and the nut must be
lifted, rNT1 is replaced by rNT2, which incentivizes reaching
the final target position with a fixed linear scale. A fixed
additional bonus, rB is also provided to offset penalization if
the nut is dropped. Further, rS incentivizes the control policy
to reduce end-effector rotations and maintain hold of the nut
as the final target is approached. Finally, a success bonus rTL

is given, scaled by the remaining allocated time when the
time limit is considered as part of the environment. The task
has been completed successfully when the nut reaches target
position C in Fig. 3(III), within a tolerance of 0.00075m in
the z-axis and 0.0025m in the xy-axes. The remaining time
is calculated by subtracting the current discrete timestep CT
from the episode length EL and dividing by EL to obtain
a value in the [0,1] range.

rBB1 = {dAB
xy /0.707 < 0.3 −→ {−dAB

xy /0.707 || − 1.0}}
⊕ {dAB

z /0.05 < 0.15 −→ {−dAB
z /0.05 || − 1.0}}

(2)

rBB2 = {dAB
xy /0.707 < 0.15 −→ {1.0 ||0.0}}

⊙ {dAB
z /0.05 < 0.1 −→ {1.0 ||0.0}}

(3)

rIM = {{JTH ⊙Rz > 0.0 −→ {3.0 || − 1.0}}
⊕ {JTH ⊙Ag < 0.0 −→ {3.0 || − 1.0}}} ⊙NU

(4)

rNT1 =

(
−2 ≤ 2 log10(1e

−5 + 10|dAC
z |))

0.55
≤ 5

)
⊙NU

(5)

rNT2 = {dAC
z < 0.0130

−→
(
50.0 ∗ |0.013− dAC

z |
0.0130

|| 0.0
)
}

(6)

rB = {dAC
z < 0.0130 −→ {9.0 || 0.0}} (7)

rS = {dAC
z < 0.0130 −→ {{|Rz| < 0.0 −→ {6.0||0.0}}

⊕ {Ag < 0.0 −→ {3.0||0.0}}|| 0.0}}
(8)

46



rTL = {dAC
z < 0.005 −→

(
50.0 ∗ EL− CT

EL
|| 0.0

)
}
(9)

JTH = {sgn{JT} == −1 → {1.0 || − 1.0}} (10)

NU = {dAC
z < 0.0130 −→ 1.0 || 0.0} (11)

E. Evaluation Experiments

To analyze both task performance and possible changes in
policy behavior resulting from our imposed time limit, we
train five separate unscrewing policies for 250k environment
steps with a constant time limit of 700 steps or 35 seconds
per episode, utilizing the remaining time to varying extents.
We include a baseline PPO agent with no additions, a policy
with the remaining time as input (PPO+RT I), then as a scaler
multiplying the task success reward (PPO+RT R), as well as
a combination of these (PPO+RT I&R) and finally a policy
trained with Partial Episode Bootstrapping (PPO+PEB). All
policies were evaluated across 10 trials, each with a fixed
random seed. We evaluate the task performance and stability
of motion using the unscrewing success rate, nut to target
distance per timestep, and the distance between the nut and
robot tool center point per timestep, examining the xy-axes
and z-axis separately. For application to the hardware, we re-
trained the best performing policy across all evaluation trials
for 500k environment steps, clipping high changes in joint
angle to minimize path deviation safety stops resulting from
robot-object collisions, which are not enforced in simulation.
We apply the resulting policy without utilizing real inputs,
sending the clipped target trajectories produced in simulation,
up-sampled to 480Hz.

III. RESULTS & DISCUSSION

The results of all 10 evaluation trials are shown in Table
I. The policy with the remaining time as input and with
a time-scaled success reward achieves the highest success
rate of 90%. This suggests that, as the time-limit framework
proposed by [15] recognizes the remaining time as a valid
state variable within episodic MDPs, explicitly rewarding for
the resulting states in combination with a time-aware policy
may provide additional benefit. Beyond the standard setting
with only discounted cumulative reward, where any policy
will seek to maximize value regardless of any set time limit,
explicit time-awareness and direct association with the task
reward may ease the learning of actions which consistently
reach greater per timestep reward that can be achieved within
the specified time limit. Providing the remaining time only as
a scaler for the task success reward, with no input changes,
resulted in the fastest policy in all evaluation trials, with a
mean nut-bolt separation time of 18.67 seconds, but a success
rate of only 70%. While this partially observed case may
further incentivize fast completion, it is possible that the
policy cannot as easily and as directly learn action sequences

which are slower, but consistently result in success given
sufficient remaining time, which we argue is a more useful
trade-off when task time limits are imposed, particularly as
all policies already separated the nut and bolt with more
than 10 seconds of the allocated 35 seconds remaining.
The resulting difference in behavior when the time-scaled
success reward is used, with both the presence and absence
of the remaining time input, can be observed in Figures
4(a), 4(b) and 4(c). In Fig. 4(a), all policies separate the
nut and bolt within approximately 20-25 seconds, however
in Fig. 4(b) and 4(c), it is clear that only the policy with
both the remaining time as input and as a reward scaler
achieves a relatively stable mean fingertip to nut distance
in the post-separation phase, as well as the lowest post
separation means of 0.0051m and 0.0060m in the xy-axes
and z-axis respectively, as shown in Table I. Combined with
the slightly slower unscrewing time compared to the reward-
only policy, and lower fingertip-nut and nut-target distances
pre/post-separation, this suggests that the time-aware and
time-rewarded policy produces more stable unscrewing and
grasping motions to achieve more consistent success, at the
cost of completion speed. In contrast, the baseline PPO
agent achieves a relatively quick separation time of 18.8
seconds, but frequently drops the nut post-separation, as
shown by the large step change in the evaluated nut-to-object
distances and the second highest mean post-separation nut-
target distance of 0.0383m across all cases. This indicates
that without use of the time limit, the policy attempts to
reach the final target as quickly as possible and may be more
unstable, leading to a lower success rate of 60%. Using the
remaining time as input with no reward changes leads to no
change in success rate, but a slower completion time of 20.69
seconds, as well as lower mean post-separation nut-target,
fingertip-nut xy and fingertip-nut z distances of 0.0271m,
0.0101m and 0.0178m respectively. This could suggest that
time-awareness may lead to slower, more steady motions
by itself, but that applying the remaining time as a reward
scaler of the task completion bonus may also be needed to
incentivize steady motions which result in success, however
further evaluation trials would be essential in confirming this
difference. For completeness, we also examined the impact
of Partial Episode Bootstrapping, where value errors are
bootstrapped from states where the time limit is reached. In-
terestingly, this lead to a degradation in performance from the
baseline, with the resulting policy achieving a success rate
of 50%, an average completion time of 23.45 seconds. While
bootstrapping at time limits should reduce inconsistencies in
temporal difference updates, this may indicate that they are
adding noise to the learning process. This may be a particular
risk for the nut-bolt disassembly task, since the time-limited
state value can vary significantly depending on whether the
nut is unscrewed, dropped, or successfully lifted within the
remaining time available, resulting in erroneous policy up-
dates which are not grounded in any observed rewards after
the time limit expires. Using a longer training horizon, and
more closely observing differences in the value prediction
errors, depending on the task progress achieved within the
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(a) Nut to target distance (b) Fingertip to nut xy distance (c) Fingertip to nut z distance

Fig. 4: Impact analysis of time limits on the policy performance

TABLE I: Evaluation trials of policies with varying time-awareness in simulation

Overall

PPO+RT I&R PPO+RT R PPO PPO+PEB PPO+RT I

Task success
rate (%)

90% 70% 60% 50% 60%

Separation
time (s)

21.67 18.67 18.80 23.45 20.69

Pre-separation

Mean Max. Min. Mean Max. Min. Mean Max. Min. Mean Max. Min. Mean Max. Min.

Fingertip
midpoint-nut
xy distance (m)

0.0044 0.0121 0.0001 0.0059 0.0101 0.0001 0.0055 0.0112 0.0001 0.0074 0.0283 0.0001 0.0063 0.0171 0.0001

Fingertip
midpoint-nut
z distance (m)

0.0024 0.0056 0.00004 0.0039 0.0092 0.00004 0.0046 0.0114 0.00004 0.0037 0.0070 0.00004 0.0037 0.0070 0.00004

Post-separation

Mean Max. Min. Mean Max. Min. Mean Max. Min. Mean Max. Min. Mean Max. Min.

Nut-target distance (m) 0.0178 0.0194 0.0160 0.0291 0.0332 0.0148 0.0383 0.0405 0.0270 0.0400 0.0468 0.0240 0.0271 0.0366 0.0157

Fingertip
midpoint-nut
xy distance (m)

0.0051 0.0054 0.0050 0.0126 0.0168 0.0055 0.0185 0.0216 0.0125 0.0139 0.0177 0.0082 0.0101 0.0151 0.0052

Fingertip
midpoint-nut
z distance (m)

0.0060 0.0062 0.0058 0.0149 0.0181 0.0068 0.0193 0.0222 0.0111 0.0204 0.0269 0.010 0.0178 0.0269 0.0020

Fig. 5: Validation of the trained policy on real hardware

time limit, would be a key area for further exploration.
Finally, the resulting motion for hardware validation is shown
at four evenly-spaced time intervals in Fig. 5. Despite the
apparently increased stability of the time-aware policy, we
observed safety stops during the unscrewing phase, induced
by path deviations when the real robot attempted to push the
nut and bolt, or its grasp was misaligned during unscrewing.
To prevent this, we further clipped the target trajectories on
the real hardware, wherever significant deviations in the joint
positions were observed. By further adjusting the targets and
not utilizing the real inputs, this limits the applicability of the
policy in the presence of variations in the object poses, sizes,
and interaction forces, and prevents recovery from errors or

potential failures. We also assume the object poses are always
known to the policy, which may not be the case when visual
feedback is limited. The removal of this assumption, as well
as the addition of real world inputs alongside a trajectory
generation method which respects contact-forces to mitigate
path-deviations, such as an impedance-based method, are
therefore essential for future work.

IV. CONCLUSION

This work proposes the combination of time-limit-based
reward and input for reinforcement learning policies trained
for contact-rich industrial manipulation, applied to the task
of nut and bolt disassembly with a finitely rotating wrist.
Using the GPU-vectorized IsaacLab framework, we train
a time-aware policy with a time limit of 35 seconds per
attempt for 250k environment steps across 128 parallel
environments, achieving an unscrewing success rate of 90%
and average completion time of 21.67 seconds across 10
simulation trials. We further validate our approach on a real
UR5e manipulator. Our method achieves the highest task
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success rate in simulation when compared to a baseline PPO
agent, an agent with only a remaining time input or a time-
based success reward, and with partial episode bootstrapping.
While the proposed combination is not the fastest, we
argue it’s high success rate may be indicative of a learned
trade-off between stability against efficiency given sufficient
remaining time, which is particularly beneficial for industrial
contact-rich manipulation where consistent operation success
is desirable. The proposed approach has several drawbacks.
All experiments were conducted using fixed length episodes
with a single time-limit, however, this means generalization
of the trained policy to variable episode lengths, in absence of
training schemes such as domain randomization, is unclear.
In addition, generalization of the proposed approach to
longer or shorter horizon problems, such as industrial tasks
of differing complexity, requires further exploration. Further,
time-based rewards are only given for successful attempts,
limiting potential benefits early in training. Additionally,
we did not explore the impact of varying γ, the training
horizon, or which reward terms are scaled by the remaining
time. In addition, we does not examine the impact of partial
episode bootstrapping on the value error directly, or the use
of a recurrent architecture in the partially observed case.
Further, we did not utilize the real environment inputs or
a control method which minimizes path deviations based on
the contact forces, and always assume the ground truth object
poses are known to the policy without noise, limiting the
deployability, reactivity and robustness of the policy on real
hardware, where real world dynamics and uncertainty are
both present. The removal of the current object poses and
the incorporation of real inputs, either through a visual or
force-based control method, taking into account uncertainty
and safe compliance, followed by a thorough investigation
of the outstanding areas identified, as well as more extensive
evaluation trials concerning the desired stability vs. efficiency
trade-off, are critical directions for future work.
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APPENDIX

To concisely express our task reward function, we de-
fine equations (2-11) using additional operators. Conditional
assignments are indicated using −→, with each branch
separated by || and enclosed with braces {}. The addition and
multiplication of the value of two conditional expressions is
indicated by ⊕ and ⊙, respectively. Finally, == indicates an
equality check.

As an illustrative example, consider the following equation
(12),

R = {Condition −→ {O1 ||O2}} (12)

Here, if the condition is true, R is equal to O1 otherwise
O2.
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