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Contact force regulation while tracking an end-effector position is a basic and long-

standing multi-objective control problem for collaborative robotic manipulators. Colliding 

free-space trajectories with force constraints cannot be optimized by simply maximizing a 

scalar reward. In this work, we introduce model-free deep reinforcement learning (DRL) 

using Soft Actor-Critic (SAC) algorithm to solve contact force regulation while tracking 

desired position task with a 2-DOF planar manipulator pushing against a flat surface. The 

task is modeled as a continuous-state Markov Decision Process (MDP) with Hunt-

Crossley contact forces, 9-dimensional observation space with explicit contact state, and 

stage-based multi-objective reward function designed for learning collision phase 

transition between free-space motion and force regulation. We report a Proportional-

Integral-Derivative (PID) controller as the classical baseline. After training for over 

300,000 steps using three independent seeds, SAC policy obtains an episodic return of 

+3,845, yielding a mean position error of 49.4 mm and force error of 0.47 N with 96.6%

contact ratio. Against the PID baseline, proposed approach achieves 9.1× position error

reduction, 36.9× force error reduction, and improves contact maintenance by over 311×.

Results highlight benefits of entropy-regularised deep policy networks for contact-rich

collaborative robotics.
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1. INTRODUCTION

In many applications involving multi-agent manipulation 

systems in an unknown environment [1], robots are often 

called upon to execute tasks that necessitate coordinated 

control of end-effector position and contact forces [2]. Surface 

finishing, palpation, insertion tasks, and interactive 

manipulation with humans are examples of tasks that require 

the robot to follow a predefined trajectory in free space and 

then conform to a force-controlled behavior when making 

contact with the environment [3]. The reason for this dilemma 

lies in the fact that many controllers are usually developed for 

one major task [4]. The impedance/admittance controllers 

solve part of the problem since they depend on a proper 

dynamic model of the environment and require stiffness terms 

to be tuned manually, which is affected by model uncertainties 

[5]. For hybrid force-position controllers, force and position 

control are separated based on geometrical considerations, 

which doesn't work when directions of contacts cannot be 

determined or are changing during the task [6]. Proportional-

Integral-Derivative (PID) controllers are simple to use but they 

do not adapt themselves to coordinate both phases elegantly 

[7], as proved by their contact ratio (contact phase/time spent 

in physical contact with the environment), which is close to 

zero 0.31% in our experiments [8]. 

While deep reinforcement learning (DRL) has enabled 

impressive progress in robotic manipulation, there remain 

several large gaps in the literature. Firstly, previous 

Reinforcement Learning (RL)-based contact controllers have 

optimized behavior through one blended reward, and do not 

explicitly separate out the mode switching behavior between 

free-space approach and constrained force regulation [9]. 

Secondly, contact-onset rewards are seldom used in reward 

formulations, causing learned policies to shy away from 

contact [10]. Third, direct comparisons to classical controllers 

under the same evaluation settings are scarce [11]. To fill these 

gaps, we introduce a SAC-based multi-objective controller 

equipped with a staged reward function, observation of 

contact-states, and automatic entropy tuning. Moreover, we 

compare our method fairly with PID baseline evaluated over 

30 episodes and three random seeds. 

Previous RL-based contact controllers learned behavior 

with a single blended reward and did not have an explicit 

distinction in mode-switching behavior between free-space 

approach motion and constrained force regulation. Contact-

onset rewards are rarely used in reward formulations, leading 
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to learned policies that avoid contact. Additionally, direct 

comparisons to classical controllers with the same evaluation 

setting are rare in the literature. 

2. RELATED WORK

While DRL continues to push the state-of-the-art in robotic 

manipulation, learning to control position and force 

simultaneously under rigid contact constraints has not been 

widely studied. Zhao et al. [12] introduced a Multi-Actor-

Critic Deep Deterministic Policy Gradient algorithm to learn 

trajectories for robotic manipulators to navigate through 

cluttered scenes, designing their reward function into two 

stages: approach and close phase [12]. While motivated by 

similar principles as our method, their objective is focused on 

planning collision-free trajectories as opposed to learning how 

to maintain contact forces at a desired level, no contact force 

target is used in learning their policy. Maghooli et al. [13] 

developed and validated a DRL approach to the position 

control of tendon-driven continuum manipulators. A key focus 

of their work was validating sim-to-real policy transfer when 

learning under highly nonlinear and uncertain dynamics. 

However, force regulation through contact with surfaces is not 

considered, and their resultant policy operates exclusively in 

the contact-free workspace. Parnada et al. [14] performed a 

survey of reinforcement learning approaches for contact-rich 

robotic manipulation. They found that most algorithms focus 

on learning policies that either optimize for a single objective 

or lack any explicit formulation for transitioning between free-

space motion and force regulation when contact occurs. Their 

survey highlights staged reward formulations and contact-

state-aware observations as necessary future work, both 

aspects our approach provides. A hybrid force-position 

controller for peg-in-hole assembly has been investigated by 

Li et al. [15], which utilizes reinforcement learning to tune 

impedance parameters during contact on top of a classical 

controller. This hybrid approach largely solves contact 

adaptability but relies on a model-based dependency and does 

not utilize a purely model-free deep policy network trained 

end-to-end under a multi-objective entropy-regularized 

objective. Overall, the prior work reviewed highlights that a 

fully model-free SAC-based architecture with explicit contact-

onset observation and staged multi-objective reward has not 

been investigated. 

3. PROPOSED METHODOLOGY

In this part, we provide a detailed description of our 

proposed force-position multi-objective controller. Our 

approach is divided into four parts, including problem 

definition, environment/contact model description, state-

action definition, and SAC learning algorithm with reward 

structure. 

3.1 Problem formulation as a Markov Decision Process 

Learning to regulate both end-effector position and contact 

force simultaneously is formulated as a continuous-state 

continuous-action Markov Decision Process (MDP) 

parameterized by (S, A, P, R, γ). Specifically, the state space 

𝑆 ∈  𝑅9  includes joint kinematics, normalized force

magnitude, Cartesian tracking error, signed distance to wall, 

and a contact flag. The action space A ∈ Rp is defined by 

normalized joint torques after clipping to [−1, 1]. Transition 

dynamics P are dictated by the robot's Euler-Lagrange 

equations and are unknown to the agent, ensuring model-free 

feasibility. The agent's goal is to find a stochastic policy π(a|s) 

that maximizes the entropy-regularized expected cumulative 

return [16]: 

𝐽(𝜋) = 𝐸 ∑ 𝛾𝑡𝑅 ((𝑠𝑡 , 𝑎𝑡) + 𝛼𝐻(𝜋(. |𝑠𝑡)))

𝑇

𝑡=0

(1) 

where, γ = 0.99 is the discount factor, α is an automatically 

tuned temperature coefficient, and H denotes the Shannon 

entropy of the policy distribution. The entropy term 

intrinsically encourages exploration during the sparse-reward 

approach phase, preventing premature convergence to contact-

avoidance local minima. This formulation explicitly decouples 

the dual objectives of position tracking and force regulation 

through a staged reward function rather than a fixed linear 

scalarization, allowing the policy to learn mode-switching 

behavior between free-space and constrained phases without 

manual gain scheduling. 

3.2 Collaborative robot environment and contact 

dynamics 

The physical environment models a 2-DOF planar 

manipulator whose dynamics follow the Euler-Lagrange 

formulation [17]: 

𝑀(𝑞)𝑞̈ + 𝐶(𝑞, 𝑞̇) + 𝐺(𝑞) = 𝜏 + 𝐽(𝑞)𝑇𝐹𝑒𝑥𝑡 (2) 

where, M(q) ∈ ℝ²ˣ² is the symmetric positive-definite inertia 

matrix, C(q, q̇) is the Coriolis and centrifugal vector, G(q) is 

the gravitational torque, τ ∈ ℝ² is the applied joint torque, J(q) 

is the geometric Jacobian, and 𝐹𝑒𝑥𝑡  is the external contact

force. Link lengths are l₁ = 0.50 m and l₂ = 0.40 m, with masses 

m₁ = 2.00 kg and m₂ = 1.50 kg respectively. A viscous 

damping term 𝜏𝑑 =  −0.5𝑞̇  models’ joint friction. Contact

forces against the rigid wall located at 𝑥𝑤𝑎𝑙𝑙  =  0.72  m is

computed using the Hunt-Crossley spring-damper model [18]: 

𝐹𝑥

= {
−(𝑘𝑐𝛿 + 𝑑𝑐 max(𝑣𝑛 , 0))      𝑖𝑓 𝑥𝑒𝑒 ≥ 𝑥𝑤𝑎𝑙𝑙

0  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(3) 

where, 𝛿 =  𝑥𝑒𝑒 −  𝑥𝑤𝑎𝑙𝑙  is the penetration depth, 𝑘𝑐 =
 2000 𝑁/𝑚 is the contact stiffness, and dc = 50 N·s/m is the 

contact damping coefficient. The maximum permissible 

contact force is clipped at 𝐹𝑚𝑎𝑥 =  60 𝑁 to enforce physical

safety. The target contact force is set to 𝐹𝑥  =  −15 𝑁 ,

representing a moderate and clinically relevant pressing force. 

This nonlinear contact model produces realistic force 

transients during initial impact and smooth steady-state 

regulation, providing a challenging benchmark that linear 

spring models cannot replicate. 

3.3 State representation and multi-objective reward 

function 

The agent observes a 9-dimensional state vector at each 

timestep [19]: 

1090



𝑠𝑡 = [
𝑞1, 𝑞2, 𝑞̇1, 𝑞̇2,

𝐹𝑥

𝐹𝑚𝑎𝑥

,
𝐹𝑦

𝐹𝑚𝑎𝑥

, 𝑐𝑙𝑖𝑝(𝑦𝑒𝑟𝑟 , −1,1),

𝑐𝑙𝑖𝑝(𝑑𝑤𝑎𝑙𝑙 , 0,1), 1𝑐𝑜𝑛𝑡𝑎𝑐𝑡

] (4) 

The explicit inclusion of wall distance and binary contact 

flag enables the policy to detect the contact-onset transition 

and adapt its control mode accordingly. The multi-objective 

reward function is formulated in staged phases. During free-

space approach, the reward incentivizes wall proximity [20]: 

𝑟𝑥
𝑓𝑟𝑒𝑒

= −30.0𝑑𝑤𝑎𝑙𝑙
2 + 80.0∆𝑥𝑝𝑟𝑜𝑔𝑟𝑒𝑠𝑠 (5) 

Upon contact establishment (|𝐹𝑥|  >  0.5 𝑁) , the reward

transitions to force regulation with a contact maintenance 

bonus [21]: 

𝑟𝑥
𝑐𝑜𝑛𝑡𝑎𝑐𝑡 = 𝑤𝐹 . (−0.05(𝐹𝑥 − 𝐹𝑥

∗)2) + 8.0 (6) 

The y-direction position tracking penalty is active across all 

phases [22]: 

𝑟𝑦 = 𝑤𝑃 . (−15.0𝑦𝑒𝑟𝑟
2 ) (7) 

A safety penalty 𝑟𝑠𝑎𝑓𝑒 =  −10.0  is applied when |𝐹𝑥|  >

 0.92 · 𝐹𝑚𝑎𝑥 , and an action smoothness term 𝑟𝑠𝑚𝑜𝑜𝑡ℎ =
−0.005‖𝑎𝑡‖2  penalizes aggressive torque commands. The

total reward is 𝑅(𝑠𝑡 , 𝑎𝑡) =  𝑟𝑥 +  𝑟𝑦 + 𝑟𝑠𝑎𝑓𝑒 +  𝑟𝑠𝑚𝑜𝑜𝑡ℎ , where

the Pareto weights satisfy 𝑤𝑃 + 𝑤𝐹 =  1.0  with baseline

setting 𝑤𝑃 =  𝑤𝐹 =  0.5.

Another interesting and important feature of contact-rich 

policy learning is the reward signal observed at contact onset. 

In the absence of an explicit contact bonus at first contact, the 

agent will not observe any immediate positive signal in 

transitioning from free-space motion to the constrained 

regime, and will instead treat contact as either a neutral or 

negative event. We correct for this by including a per-timestep 

contact maintenance bonus of +8.0 in the contact-phase 

reward. We found this to be the most salient factor in the rapid 

convergence of the contact ratio in the first 50 training 

episodes. 

3.4 Soft Actor-Critic architecture and training 

The SAC algorithm optimizes the stochastic policy by 

maintaining two critic networks 𝑄𝜑1  and 𝑄𝜑2  alongside a

stochastic actor 𝜋𝜃 , updating via the clipped double-Q target

to mitigate overestimation bias: 

𝜋𝜃(𝑎|𝑠) = tanh (𝑁(𝜇𝜃), 𝜎𝜃(𝑠))) (8) 

The actor parameterizes a diagonal Gaussian policy with 

tanh squashing: 

𝐿(𝛼) = 𝐸𝑎̃𝑡~𝜋𝑡
[−𝛼 log 𝜋𝑡(𝑎̃𝑡|𝑠𝑡) − 𝛼𝐻] (9)

The actor network follows the architecture Linear (9, 256) 

→ LayerNorm → ReLU → Linear (256, 256) → LayerNorm

→ ReLU → Linear (256, 128) → ReLU → [μ-head, σ-head:

Linear (128, 2)]. Both critic networks share the same

architecture with input dimension 11 (state + action). The

temperature coefficient α is automatically tuned by

minimizing:

where, H̄ = −dim(A) = −2 is the target entropy. Training

employs the Adam optimizer with actor learning rate 3 × 10⁻⁴ 

and critic learning rate 1 × 10⁻³, a replay buffer of capacity 

300,000, mini-batch size of 256, and soft target update 

coefficient τ = 0.005. A curriculum of 40% near-wall 

initialization episodes accelerates early contact discovery. 

Three independent runs with seeds {42, 43, 44} over 300,000 

steps each are conducted to ensure statistical reliability of 

reported results. 

4. RESULTS AND DISCUSSIONS

Experimental results are discussed for the proposed SAC-

based multi-objective controller in terms of training 

convergence, tracking performance, and behavioural analysis. 

Reported results are averaged over three training seeds and 

compared against a classical PID baseline, over 30 evaluation 

episodes with the same initial conditions. 

4.1 Training convergence analysis 

In Figure 1, we see the episodic return convergence of our 

SAC multi-objective controller across three seeds for 600 

episodes (300k environment steps). The starting policy has an 

average return around −8,500, largely coming from the 

significant penalties incurred while failing to achieve contact 

during the initial phase of pure random action exploration 

where it also incurs lasting position error tracking mistakes. 

Rapid monotonic improvement can be seen within the first 50 

episodes as the dense progress-shaping term of our free-space 

reward formulation combined with the near-wall initialization 

from our curriculum aids quick discovery of contact. At 

around episode 100 the average return flattens out at just over 

+3,200.

Figure 1. Soft Actor-Critic (SAC) episodic return 

convergence across three seeds 

This behavior demonstrates that the policy has learned the 

qualitative behavior of switching between free-space 

navigation and controlling force upon contact. Around episode 

300 the average return converges to a value of around +3,845 

and there is very little variation between each seed. This close 

agreement between seeds verifies that SAC training results are 

reproducible given the same random seed. The small shaded 

area after episode 200 shows that entropy regularization 

maintains nonzero performance between each seed. Finally, 

observing that performance asymptotically approaches a value 

without any oscillation or reduction in return verifies our use 

of automatic entropy tuning and the clipped double-Q critic. 
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4.2 End-effector position tracking error 

In Figure 2, we show learning curves for mean end-effector 

position error over the course of 600 training episodes where 

each point is averaged over three seeds. Notice that the policy 

starts with an average position error around 0.92 meters. This 

high initial position error is due to the fact that policy has yet 

to learn any aspect of the desired behavior during random 

initialization where joint torques are sampled from a uniform 

distribution and the end-effector has no preference towards the 

desired goal location expressed in Cartesian space. The error 

quickly decreases during the first 50 episodes where the agent 

learns to reach the region near the wall due to the heavy 

influence of the progress-shaping reward. By episode 100 we 

observe an average position error around 0.34 meters.  

Position error continues to monotonically decrease until 

around episode 300 where it reaches around 0.12 meters as the 

policy learns the mapping from joint torques to Cartesian 

space translation of the end-effector. After episode 350 we see 

performance plateaus around an average error of 0.08 m. This 

plateau is due to the contact force controller used to regulate 

movement along the x-axis towards the wall, introducing a 

constant bias or compliance into the system. The error between 

seeds decreases dramatically after episode 200 showing that 

seeds all converge to similar final values. While we do not see 

our final position error fall below our clinical success 

threshold of 5 mm shown with the dashed line, we see 

substantial improvement over the PID benchmark with a mean 

positional error of 49.4 mm at evaluation, a 9.1x improvement. 

Figure 2. Position tracking error convergence over training 

This is a substantial improvement, but the average 

positional error of 49.4 mm is still far higher than the 5 mm 

often needed for clinical or assembly precision. The majority 

of this shortfall is the result of cross-axis coupling on the 2-

DOF planar design, which introduces a residual offset in the y 

direction due to joint torques dedicated to staying in contact 

with the wall. A higher-DOF manipulator with redundant DOF 

will be able to decouple these axes. 

4.3 Contact force tracking error convergence 

Figure 3 shows the average magnitude of contact force 

tracking error over 600 training episodes (calculated only 

during timesteps where contact is made, i.e. |𝐹𝑥| >  0.5 𝑁 )

across three seeds. Initial episodes have a mean force error of 

~27.8 N which is close to twice the target magnitude of 15 N 

because impacts and noisy torque commands cause large 

variations in penetration depth at the start of contact (the first 

few episodes). The largest improvement takes place in the first 

30 episodes, during which time the error drops from 27.8 N 

down to ~4.0 N.  

This is because the quadratic force regulation cost heavily 

penalizes large forces right after contact begins, as part of the 

contact-phase reward. There is also a second learning plateau 

between episode 50 and episode 150, during which the error 

bounces around 3.5–4.5 N before continuing to decrease. The 

cause of this plateau is also due to the conflict between 

tracking position in the y-direction and regulating contact with 

the wall. After episode 300, all three seeds cluster around 3.0 

N force error with minimal variance between runs, indicating 

that the force regulation performance has converged. Although 

the converged error is higher than the 1 N clinical target 

illustrated by the dashed line, the average of 0.47 N shown in 

Section 4.4 for the final greedy policy indicates that noise 

introduced by stochasticity during training accounts for most 

of the distance left to cover, and that the deterministic 

deployment policy closes much of this distance. 

Figure 3. Contact force error convergence during training 

4.4 Contact ratio evolution 

The reward chosen also determines the fraction of time the 

end-effector actively contacts the wall per episode, where 

active contact is defined as having |𝐹𝑥|  >  0.5 𝑁 . Figure 4

shows this fraction averaged across 600 training episodes and 

three random seeds. Initially, the policy has contact about 14% 

of the time, which corresponds to how much accidental contact 

the end-effector would make with the wall while selecting 

random torques before learning any strategy to approach the 

wall. During episodes 5-30 the curve quickly jumps upward 

towards > 80% (the target coverage indicated by the dashed 

line). This is the fastest transition seen in any of our plotted 

metrics and is a result of consistently receiving the 8.0 bonus 

reward per timestep for maintaining contact provided by 

contact-phase reward. Note how by episode 50 the contact 

ratio converges to a value above 97% for all three random 

seeds.  

Additionally, the shaded region representing inter-run 

variance quickly approaches zero, signifying that each training 

run independently converged to and adhered to the same 

contact maintaining behavior. The curve maintains a value of 

around 98.5% through episode 600 with little to no decay, 

demonstrating the robust long-horizon nature of the learned 

contact behavior. The last contact ratio we evaluate at episode 

600 is 96.57%, which is an improvement by a factor of 311 

compared to the PID baseline of 0.31%. This highlights the 

limitations of classical fixed-gain controllers in achieving both 
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approach and sustained-contact goals in the same control loop. 

Figure 4. Contact ratio evolution across training episodes 

4.5 Greedy policy evaluation curves 

In Figure 5, we show metrics of greedy policy evaluation at 

61 points throughout training (at intervals of 300,000 training 

steps). Figure 5 displays return, position error, and contact 

ratio after deterministically deploying the policy as 𝑎2  =
 𝑡𝑎𝑛ℎ(𝜇𝜃(𝑠) )  (i.e., not sampling stochasticity) at test-time.

Similar to the train curve in Figure 5, we see that evaluation 

return closely tracks stochastic training return (+/- 2,800 after 

50k steps, where +/- is w.r.t. the mean across seeds). The small 

variance in returns across seeds demonstrates that the greedy 

policy reliably generalizes from off-policy data, without 

overfitting noise in training. The slight difference between 

greedy eval return and stochastic train return is explained by 

lack of entropy bonus at test time, which is expected and 

explained by maximum-entropy RL theory. 

Inspecting the center plot, we see that greedy pos. error 

spikes up dramatically to 1.25 m right away at the first 

checkpoint due to the very nascent policy not having learned 

anything of substance yet, then quickly decreases to under 0.2 

m by 25 k steps. Fine-tuning of this metric happens more 

gradually from thereon out monotonically. Each seed diverges 

slightly from the others between 100 k-200 k steps, before 

meeting again around the common average of ~0.0 8m when 

training is completed. As for the plot on the right, we see that 

greedy contact ratio reaches ~0.95 around 20 k training steps 

and does not change much after that for any seed, showing that 

making and holding contact is one of the first things the agent 

learns how to do reliably before learning finer control, such as 

force moderation and converging to the correct position. 

Figure 5. Greedy evaluation return, position error, and contact ratio 

4.6 End-effector trajectory and contact force behaviour 

We visualize in Figure 6 what this greedy policy has learned 

qualitatively. The figure plots the end-effector position as well 

as the learned contact force in a sample rollout episode of 

length T = 5 seconds. In the left figure, we can see that the end-

effector moves smoothly from the initial configuration 

roughly at (0.45, 0.63) towards the wall at x_wall = 0.72 m 

(note how the colors illustrate the progress of time from dark 

purple to yellow). While maintaining contact with the wall, the 

end-effector not only decreases its x position distance to the 

wall but also moves towards the desired y position illustrated 

by the red star roughly at (0.72, 0.26). Notice how the pose at 

the end of the rollout (illustrated by the grey robot arm icon) 

maintains contact at the wall and the arm assumes a 

configuration that is indicative of a valid constrained 

configuration.  

Detailed temporal behavior of the contact force can be seen 

in the right panel. The desired contact is first made at around t 

= 0.1 s, and results in an impulsive spike of roughly 21 N. This 

spike overshoots the target force of 15 N due to the nonlinear 

Hunt-Crossley contact stiffness at high approach velocities. 

The controller quickly extinguishes the overshoot in less than 

0.3 s, showing learned active damping of the contact force 

despite having no knowledge of the contact impedance model. 

After around t = 1.0 s, the contact force successfully tracks and 

regulates near the desired force of 15 N with an amplitude 

under 0.5 N until the end of the episode at t = 5.0 s. 

4.7 Simultaneous force-position tracking performance 

Figure 7 is the most salient visualization of our controller’s 

central competency, showing joint position commands online 

that track a desired trajectory for position of the end-effector 

in Cartesian space (blue), while also regulating contact force 

(gold) during one exemplary trial. The x-axis is shared across 

all three plots at 5.0 seconds, with the dashed vertical line 

indicating the approximate time of contact onset at t = 0.22 s, 

which is the synchronization point between free-space motion 

regulation and contact force-regulated behavior for all three 

channels. Note how the end-effector moves quickly from its 

starting position of x = 0.40 m in the direction of the wall target 

at x = 0.72 m in the top plot. It completes this motion in about 

0.22 s, reflecting aggressive yet stable ballistic motion 

incentivized by the progress-shaping reward. After contact 

begins, its position in x quickly fixes to that of the wall and 

stays there until the end of the episode at the target value. This 

indicates that the policy understands that contacting the wall 

terminates x motion, and does not attempt to further push into 

the wall, which would upset force control. The center subplot 

shows tracking along the y direction. Here, starting from y ~= 

0.65 m, the EE crashes down towards its target position of yd 

1093



= 0.26 m. Its trajectory undershoots slightly to ~= 0.25 m just 

after contact begins, then rebounds, eventually settling around 

~= 0.29 m at t = 0.8 s for a steady-state y error of about 30 

mm.  

Figure 6. Greedy policy trajectory and contact force response 

This remaining offset is due to cross-axis coupling between 

the force along the x direction required to maintain contact 

with the wall, and joint torques required to achieve positioning 

along the y direction. As noted above, for the 2-DOF planar 

mechanism, both joints are allocated a portion of the contact 

force via the Jacobian transpose mapping. The lower plot 

shows the evolution of the contact force 𝐹𝑥. The plot shows the

typical three-phase behavior seen in Figure 6. Prior to contact 

(gray region), the force is exactly zero, which indicates that the 

agent does not hit the wall early. At contact, there is a large 

undershoot transient which quickly takes the force to around 

−18 N. Then, the policy commands the force to go back

towards −15 N in an oscillatory fashion. By t = 0.8 s, we can

see that the force is staying very close to −15 N. After t = 1 s,

the force is regulated to within ±0.5 N of −15 N for the

remainder of the episode. These behaviors indicate that the

SAC policy learned an implicit force controller solely from a

scalar reward signal, and did not use an explicit force control

law, impedance planner, or apply dynamic inversion.

Importantly, the agent learns to concurrently lock the x-

position, track the y-position, and regulate force all using a

single output policy. This is the main idea behind our proposed

framework.

4.8 Comparative performance against Proportional-

Integral-Derivative baseline 

In Figure 8, we show the final comparison of the learned 

SAC controller against the PID baseline, averaged over 30 

episodes starting from the same initial state. Four metrics are 

reported as bar plots including all values. As can be clearly 

seen in the plot, our learned policy significantly outperforms 

the baseline on all reported metrics, demonstrating that our 

hypothesis that model-free deep policy networks can enable 

classical control methods to achieve better performance on 

multi-objective contact-rich manipulation tasks holds true. For 

position error SAC mean was 0.0494 m versus PID baseline 

mean of 0.4473 m, an improvement of factor 9.1. More 

importantly though, the SAC bar shows almost no spread with 

a very tight IQR. 

Figure 7. Simultaneous x-position, y-position, and force 

tracking 

This tightness tells us that position accuracy was very 

consistent throughout all 30 episodes. On the other hand, note 

that PID baseline's whisker reaches close to 1.0 m. This tells 

us that there were episodes where the fixed-gain controller 

completely lost position control, most likely due to lack of 

contact-informed gain scheduling. Similarly to before but even 

more dramatic is the error in force. SAC has a mean force error 

of 0.4689 N while PID had a mean error of 17.3194 N, which 

is 36.9 times worse. Notice how large the variance in PID's 

force error is. The upper whisker of the boxplot is over 26 N 

force error. We see here that the forces generated by the 

classical controller are wildly inconsistent and would never be 

safe to actually use in real-world HRC settings. The 

consistently low mean force error of under half a Newton with 

very little variance from SAC shows that the entropy 

regularized policy has learned a strong implicit force 

controller that is consistent across starting conditions. Contact 

ratio plot depicts the most dramatic difference between SAC 

and PID here, with SAC outputting ratios of 0.9657 vs PID's 
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0.0031. We can see that PID has a contact ratio very close to 

zero because, by design, the PID positional controller issues 

torques that move the EE towards its desired Cartesian pose, 

but has no feedback connection to sense proximity to the wall, 

slow down as it approaches the wall, and enter a force-holding 

controller state. This results in the controller crashing into the 

wall or not reaching it at all for most of the test episodes. 

Lastly, episode return is the cumulative score of all these 

goals, with SAC scoring +3845.1 compared to PID's -7218.7. 

Note that this difference exceeds +11,000 reward points due to 

SAC successfully tracking position, force, and contact all at 

the same time with its single learned policy. 

Figure 8. Soft Actor-Critic (SAC) versus Proportional-Integral-Derivative (PID) baseline performance across four metrics 

4.9 Pareto front analysis of position-force trade-off 

The empirical Pareto front demonstrating the trade-off 

between mean position error and mean force error as we tune 

the trade-off weight 𝑤𝑝𝑜𝑠 from 0.1 to 0.9 in increments of 0.1

is shown in Figure 9. The force weight was set to 𝑤𝐹 =  1 −
 𝑤𝑝𝑜𝑠. Each point on the plot is obtained by fully training a

SAC policy and running it for 30 episodes.  

Figure 9. Empirical Pareto front: Position versus force trade-

off 

The points are also color-coded from deep green at 𝑤𝑝𝑜𝑠 =

 0.1, to yellow at 𝑤𝑝𝑜𝑠 =  0.5, to dark red at 𝑤𝑝𝑜𝑠 =  0.9 to

easily correlate reward weights to objective-space values. First 

and foremost, note how both axes are severely truncated: 

Position errors only range from 0.046–0.052 m, and Force 

errors only range from 0.453–0.493 N throughout the entire 

Pareto front. This demonstrates that the SAC algorithm and 

piece-wise reward function preserves multi-objective 

capability for nearly every possible weighting choice, instead 

of completely sacrificing one objective when the weighting is 

skewed heavily for the other objective. This allows us to 

change reward priorities on the fly for different deployment 

needs. From the Pareto plot, we can see trade-offs achieved by 

controllers with smaller values of 𝑤𝑝𝑜𝑠  clustered around the

green area give slightly better force regulation at the expense 

of slightly worse position tracking, and larger values clustered 

around the red region allow position error to be driven closer 

to its minimum of approximately 0.046 m, at the expense of 

larger force error, up to approximately 0.492 N. The 

nondeterministic sawtooth pattern linking nearby weight 

values on the dashed Pareto line is due to the randomness in 

training and the nonlinear interactions between minimizing the 

two cost terms via the joint torque command. The equally 

weighted case of 𝑤𝑝𝑜𝑠 =  0.5  denoted by the yellow dot at

around (0.050, 0.453 N) is close to the knee of the Pareto plot, 

which means that further improvements along one metric 

would require disproportionate improvements along the other 

metric. Hence, this baseline weight choice is reasonable. 

4.10 Comparison with related work 

We compare the success of our SAC-based multi-objective 

controller with other recently proposed solutions to problems 

involving force-position control and contact-rich manipulation 

tasks. Zhao et al. [12] achieved convergence to their desired 

trajectories with their M2ACD approach, but they only 

focused on planning for collision-free motion, without 

specifying any contact force objective. Thus the metrics can 

only be compared in terms of position tracking, where our 

controller achieves 49.4 mm mean error when bounding the 

contact force. Maghooli et al. [13] were able to successfully 

complete position control with a continuum manipulator with 

nonlinear dynamics, but they were not able to track forces and 

only worked when in contact-free space. Parnada et al. [14] 

directly noted these two aspects, lack of staged rewards and 

contact-state observation as future work. However, we directly 

incorporate them into our proposed approach. Li et al. [15] 

were able to learn a force-position coordinated control with a 

hybrid RL-PID controller, but their solution still relies on 

model-based methods. Our approach completes this task with 

purely model-free end-to-end learned policy. Table 1 presents 

a comparison with related work. 
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Table 1. Comparison with related work 

Method 
Position 

Error 

Force 

Error 

Contact 

Ratio 

Model-

Free 

Zhao et al. 

[12] 
Moderate N/A N/A Partial 

Maghooli et 

al. [13] 
Low N/A N/A Yes 

Li et al. [15] Moderate Moderate Partial No 

Proportional-

Integral-

Derivative 

(PID) 

Baseline 

0.4473 m 17.32 N 0.31% No 

Proposed 

SAC 
0.0494 m 0.4689 N 96.57% Yes 

5. CONCLUSIONS

The work introduced in this paper outlined an end-to-end 

model-free DRL approach utilizing SAC to learn policies for 

force setpoint regulation and end-effector position tracking 

simultaneously on a collaborative arm. The novel 

contributions of this research can be summarized as follows. 

Initially, a hierarchical multi-objective reward function was 

developed to naturally decouple free-space approach and force 

maintenance by taking advantage of phase-based reward 

switching, removing the reward function collapse caused by a 

single scalar reward. Secondly, we showed that the inclusion 

of a contact-state-aware 9D observation space with explicit 

wall distance and contact binary flag allowed for faster contact 

finding and robust switching. Third, with auto entropy tuning 

applied in our SAC algorithm, we empirically demonstrated 

temperature annealing can be retired without hurting 

exploration consistency across three different training seeds. 

Fourth, extensive empirical study against classical PID 

baseline across 30 episodes demonstrated position accuracy, 

force regulation, and contact maintenance ratio improvements 

of {9.1 x, 36.9 x, 311 x} respectively. Finally, Pareto plot 

shows our proposed framework achieves stable performance 

over both objectives when sweeping through position-force 

weighting factors without retraining the policy. We are 

interested in extending our work to high-DOF manipulators 

with different task-specific target forces profiles as well as 

validating our approach on real collaborative robots to close 

the sim-to-real gap. All policies were learned completely in 

simulation with a Hunt-Crossley contact model as a substitute 

for the real surface. The Hunt-Crossley contact model more 

accurately reflects nonlinear force transients that occur in real 

contact than the simple linear spring model. However, it still 

ignores other key sources of unmodeled behavior present in 

the real environment such as surface friction, sensor noise, 

actuator backlash and unmodeled flexibilities. Testing the 

learned policy on an actual collaborative arm with domain 

randomization or sim-to-real transfer techniques would be the 

next step to use it for practical human-robot collaboration 

applications. 
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