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Abstract—Position controllers have become the dominant in-
terface for executing learned manipulation policies. Yet a critical
design decision remains understudied: how should we choose
controller gains for policy learning? The conventional wisdom
is to select gains based on desired task compliance or stiffness.
However, this logic breaks down when controllers are paired
with state-conditioned policies: effective stiffness emerges from
the interplay between learned reactions and control dynamics,
not from gains alone. We argue that gain selection should
instead be guided by learnability: how amenable different gain
settings are to the learning algorithm in use. In this work, we
systematically investigate how position controller gains affect
three core components of modern robot learning pipelines:
behavior cloning, reinforcement learning from scratch, and sim-
to-real transfer. Through extensive experiments across multiple
tasks and robot embodiments, we find that: (1) behavior cloning
benefits from compliant and overdamped gain regimes, (2)
reinforcement learning can succeed across all gain regimes given
compatible hyperparameter tuning, and (3) sim-to-real transfer
is harmed by stiff and overdamped gain regimes. These findings
reveal that optimal gain selection depends not on the desired
task behavior, but on the learning paradigm employed. Project
website: https://younghyopark.me/tune-to-learn:

I. INTRODUCTION

Position controllers are rapidly becoming the de facto choice
for low-level control in robot learning. Their wide hardware
support and intuitive nature have made them the dominant in-
terface for executing learned manipulation policies. Yet while
classical control theory provides clear guidance on selecting
gains to achieve desired tracking bandwidth, disturbance re-
jection, or impedance characteristics, no analogous principles
exist for the learning setting. An important design decision
remains overlooked: how should we choose controller gains
when learning data-driven manipulation policies?

The standard approach treats gain selection as a problem
of achieving desired task behavior—contact-rich manipulation
calls for compliant gains to better comply with unexpected
contacts, while precision tasks call for stiff gains to accurately
track position commands. But this framing conflates two
distinct roles that position controllers play. When tracking
open-loop trajectories, the controller is the behavior—gains
directly determine how the robot responds. When paired with
a learned policy, however, the controller becomes an interface
between the policy and the physical world. The policy learns
through this interface during training and acts through this
interface at deployment. Viewed this way, gains function less
as behavioral parameters and more as an inductive bias—an
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Fig. 1: Different robot learning paradigms prefer different
controller gain interfaces. Colored regions indicate gain
regimes where each paradigm succeeds. Contrary to conven-
tional wisdom of tuning gains for desired task compliance,
optimal gains depend on the learning paradigm. Based on our
experimental findings, heatmaps illustrate representative gain
preferences for (a) behavior cloning, which favors compliant,
overdamped gains, (b) reinforcement learning, which adapts
to nearly any setting, and (c) sim-to-real transfer, which is
degraded by stiff and overdamped gains.

implicit prior over the space of closed-loop behaviors that
shapes what the policy can easily express and learn.

This distinction matters because learned policies are re-
active: they observe the current state and output corrective
commands. A policy can achieve stiff or compliant task-
level behavior regardless of the underlying joint-level gains,
simply by modulating the magnitude and timing of its outputs.
The gains, therefore, do not determine the set of achievable
closed-loop behaviors. We hypothesize that the gains instead
shape the learning problem: how easy it is to fit action
labels and how errors compound during closed-loop execution,
which training configurations yield successful RL policies, and
whether modeling discrepancies amplify into instability during
sim-to-real transfer.
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Fig. 2: Controller gains induce diverse action-response dynamics. We evaluate a broad range of representative gain
configurations and their resulting dynamic responses to assess their impact on learnability.

Once we recognize controller gains as learning interface
parameters rather than behavioral parameters, the design ques-
tion becomes: which interface properties facilitate learning?
And critically, do different learning paradigms prefer different
interfaces, serving as a conducive inductive bias? We investi-
gate these questions systematically across three paradigms of
modern robot learning and present the following findings:

1) Behavior cloning performs best with compliant and
overdamped gains. Across multiple manipulation tasks
with controlled datasets that isolate the effect of gains,
we show this regime yields higher closed-loop policy
success rates without penalizing teleoperation efficiency.
(Sec. [[V=A] and [V-A))

Reinforcement learning (RL) from scratch is agnostic to
gain setting, as long as the remaining hyperparameters
are tuned to be compatible with the given gain setting.
We verify this by obtaining equivalently successful RL
policies for all gain regimes across multiple manipula-
tion and locomotion tasks. (Sec. [[V-B] and [V-B)

When transferring policies from simulation to the real-
world, stiff and overdamped controllers exacerbate the

motor-level sim-to-real gap. (Sec. [[V-C| and [V-C)

Our findings converge on a unified picture of how controller
gains shape learning, providing both conceptual clarity and
practical guidance for this widely used yet underexplored
design decision.

2)

3)

II. RELATED WORKS
A. Position and Impedance Control

Position and impedance control have long been foundational
for robot manipulation. Consider a robot manipulator with

joint positions g 2 R™ governed by the dynamics:

M(@)g+C(q;a)g +g(a) = + €]

where M(q) is the inertia matrix, C(q; Q) captures Coriolis
and centrifugal effects, g(q) is the gravity vector, is the
control torque, and . represents environmental torques.

Takegaki and Arimoto [1] established the global asymptotic
stability of PD control with gravity compensation:

=Kp(@a 9)+Kg(aa a)+9(q) (2)

where Kp; Kg 2 R™ ™ are gain matrices representing joint
stiffness and damping, respectively, and (q; dq are the desired
joint positions and velocities. This control law can be inter-
preted as joint-space impedance control: in the absence of
external torques, the closed-loop system behaves as a virtual
spring-damper attached to the desired configuration, with the
impedance relationship:

ext

et = Kp(d  dg) + Kya(@  ga): 3)

This formulation is prevalent in modern robot learning, where
policies typically output joint position targets (q that are
tracked by a low-level PD controller. Kelly [2]] provided a
comprehensive review analyzing equilibrium uniqueness and
stability robustness against parametric uncertainties. Despite
the theoretical foundations, gain selection remains largely
heuristic in practice.

B. Low-Level Control in Robot Learning

Action Spaces. Position-controlled action spaces (whether
commanding joint positions or end-effector poses) convert
policy outputs to motor torques via feedback control laws,



making controller gains an implicit component of action space

design. Aljalbout et al.[[38] nd that action spaces based on

control abstractions (e.g., PD-controlled positions) generally

outperform torque control, though they do not vary gains

within each paradigm. Kim et al. [4] argue that torque control's

inherent compliance mitigates the sim-to-real gap. ERer et

al. [5] frame action space selection as an inductive bias

for locomotion—a perspective we extend to gain selection (a) DROID (b) RT-X NYU Franka Play

within position-controlled manipulation. Our study comple-

ments these works by isolating the effect of PD gains whifdg. 3: Tracking response curves from existing robot datasets
holding the action representation xed. reveal tight command-following behavior, suggesting stiff con-

} . _ troller gains are prevalent in existing data collection pipelines.
Learning Task-level Impedance Policies. Several works train

policies that exhibit compliant manipulation behavior, either
by learning variable stiffness pro les from demonstrationis [6,
7] or by conditioning on user-speci ed task-space stiffnéss [8].
Notably, Margolis et al.[[B] observe that a policy's compliance
is dictated by its training incentives, not the underlying PD
gains, i.e., a policy can learn soft or stiff interactions regardless
of the low-level controller. This distinction motivates our
study: rather than learning compliance as a task-level behavior,
we investigate how xed gain settings shape the learning
process itself. Arachchige et al.|[9] also vary gains of their
underlying position controllers, but focus on speeding up
execution of pretrained policies rather than understanding how
gains affect learning.

Sim-to-Real Transfer and Controller Fidelity. Domain ran-

domization [10, 11] has become standard for bridging the

sim-to-real gap, with dynamics randomization typically in-

cluding controller-related parameters such as PD gains, motofa) Compliance w/ stiff gain (b) Stiffness w/ compliant gain

t th joint ing [12]. Murat tall[1 ide. .

strengths, and joint damping [12]. Muratore et al./[13] prowdEI . 4: Task-level impedance can be decoupled from low-

a comprehensive review of sim-to-real transfer via randomiz . . - .
evel controller gains with learned policies. A learned policy

simulations, noting that contact and friction models (whic n achieve (a) compliant behavior despite stif low-level
interact strongly with controller gains) remain among the moSH P P

challenging aspects to transfer. Control frequency has algns: and (b) stiff behavior despite compliant gains.
been shown to affect transfer delity: Gangapurwalaetlall [14]

show that low-frequency policies are less sensitive to actuatiolq - . :
. ) . . Characteristic of stiff controllers. This pattern was prevalent
dynamics, enabling successful sim-to-real transfer without : : : A
. A : . . across datasets, suggesting stiff gains have become an implicit
dynamics randomization. Despite this, systematic study o : .
: . . ; 2. default in data collection.
how the nominal gain settings (around which randomization
occurs) affect sim-to-real transfer is lacking. Understanding
which gain regimes transfer more robustly can inform both . ' _ . .
the choice of nominal gains and the design of more targetedn this section, we validate a central claim: A policy's task-

randomization ranges, rather than treating all gain con gurével compliance is predominantly determined by its learned

. DECOUPLING GAINS FROM TASK COMPLIANCE

tions as equally viable starting points. reactions, rather than its underlying gains. In this section,
we validate this claim empirically through two intentionally
C. Gain Settings in Large-Scale Robot Datasets counterintuitive pairings:

While controller gains fundamentally shape the learningtiff behavior with compliant gains. We train a reinforce-
interface, their con guration in existing large-scale datasets rgent learning policy to maintain a xed pose under external
mains largely undocumented. To understand current practicéisturbances. Although the low-level controller operates with
we analyzed DROID[15] and several datasets within the Opeampliant (low-gain) impedance, we induce stiff task-level
X-Embodiment collection[16] by examining the relationshifehavior by randomly applying force disturbances during
between commanded and achieved joint positions. Althou$fining and rewarding the policy for remaining close to a
exact gain values are rarely reported, tracking behavior revet@gget pose. Speci cally, we use a sharp distance-based reward,
controller characteristics. As shown in Ffd. 3, achieved pogie-,
tions closely track commands with minimal lag and overshoot, r(q) =1 tanh(kq gk 2=) 4)



where a small strongly penalizes deviations from the goathe desired policy frequency (50Hz) using zeroth-order holding
This encourages the policy to actively counteract disturbanaasd save only the successful rollouts, ensuring that our datasets
and maintain its pose, resulting in stiff task-level responseapture the same task outcomes across different controller
despite compliant low-level control, as shown in Fig. 4b. settings while maintaining the distinct action distributions

Compliant behavior with stiff gains. To elicit compliant task- induced by each gain pro le. We conduct this entire process

fevel responses despite a stiff (high-gain) low-level controllejﬂ simulation to ensure controlled experimental conditions.

we soften the goal-tracking objective and discourage aggres¥Ve quantitatively validate TPR delity: retargeted trajec-
sive controller corrections: tories maintain 90% success rate and joint-position MSE

<102 across gain congurations up to 25 decimation
r@=1 tanh(kq gk *= g ka k@ (5) (20Hz); at higher decimation, success degrades slightly for
A large reduces the incentive to tightly regulate the goa‘f_ont?Ct'”Ch tasks where TPR's trajectory-matching assump-
pose, while the a penalty suppresses high-frequency correlONn 1S less robust_(Appendlx CS).‘ TPR also_ extends naturally
tive behavior, encouraging the policy to yield smoothly unddp task-spacg position control using operational space c_ont_rol
disturbances even when executed with stiff gains (Fig. 4a). \)(BSC) _[17]. with SE(3.) end-effector pose targets; we detail this
provide quantitative support for this in Appendix B. extension in Appendix C6.
Training Con gurations. We then train BC policies for each
gain con guration K2 fK ;; ;K g, using gain-dependent
In this section, we detail the experimental procedures we ugemonstration datasets D(s;a(K)). Our nominal con gura-
to study the effect of low-level position controllers on learningon uses a VAE generative model with an MLP network,
dynamics for behavior cloning (Sec. IV-A), reinforcemendbservation history length 10, and action chunk size 10. We
learning (Sec. IV-B), and zero-shot sim-to-real transferabilityse privileged simulation states (i.e. object poses) as inputs,
(Sec. IV-C). Candidate gain setpoints used for all analysis aigd absolute joint-space actions as outputs. To verify that our
represented as a grid of jKand Kq as shown in Fig. 2. ndings are not artifacts of this particular setup, we ablate
across network architectures (MLP vs. Transformer), policy
model classes (regression, VAE, and diffusion [18]), temporal
We investigate how controller gains affect behavior cloningrycture (observation history length and action chunk size),
performance and data collection experience through controllggut modalities (privileged simulation states vs. robot state
dataset generation and a user study. with dual-camera RGB from global and wrist-mounted views),
Gain-Dependent Demonstration Dataset. Behavior cloningand output representations (joint-space vs. task-space actions).

distills state-action pairs D(s;a) into a policy (ajs). With Gain-Dependent Teleoperation User Study. To comple-
position targets as actions, the controller gains K ={KKa)  ment our analysis on ofine policy training, we conducted
implicitly shape learning by altering the state transitiog ser study examining how controller gains affect hu-
dynamics p(§s; a). Isolating this effect requires dataset§nan teleoperation performance. We designed a contact-
D(s; & K) that share a common state distribution p(s) whileyjch non-prehensile box manipulation task: operators tele-
exhibiting gain-induced action distributions p(a; K). operate a Franka Research 3 robot with a 6-DoF Space-

Naively collecting separate demonstrations per gain settifgse to push a box from a randomized initial pose to a
con ates state and action variation: differing closed-loop dyyeq goal pose. We chose

namics and collection stochasticity (initial conditions, envigqis task because it requires
ronmental randomness, demonstrator variability) cause b@jbi, precision and sustained
distributions to shift, obscuring the effect of gains on learninggniact yet remains achiev-

IV. EXPERIMENTS

A. Behavior Cloning

Torque-to-Position Retargeting. We instead achieve nearlyable even under unintuitive
identical state trajectories across all gain settings while varyiggin con gurations.
only the position target actions through Torque-to-Position A critical consideration is
Retargeting (TPR), a two-stage dataset generation procedtiet the mapping from user  Fig. 7: Box Pushing Task.
First, we generate demonstration trajectories for each taabut to commanded position target, (u;X) ! Xges (Fig.
at high frequency (500Hz) using torque commands as tB§ can substantially modulate how the robot feels to the
gain-agnostic action representation. We then apply a positiasleoperator. In our teleoperation setup, the mapping takes the
command-retargeting method to convert these torque trajediorm Xgedt) = u(t) + x(t) + (1 )X dedt 1), where
ries into position targets for arbitrary ((SK 4) settings: 2 R | is a scaling factor and 2 f0; 1g selects between
_ ) the current robot pose or the previous target as the integration

daed®) = () + K Pl (O+K qa); (6) base. To ensure a fair comparison, each user study participant
where (t);q(t) and g(t) are the torque command, join@djusts and during a practice period before evaluation for
position, and joint velocity from the original 500Hz torqueeach gain setting, yielding the gain-speci ¢ optimum
control demonstration, respectively. Finally, for each gain ,
con guration, we replay the retargeted position commands at "(K) = argmax Q(;K); ()



(b) Dishrack Unloading (c) Dishwasher Opening (d) Dishrack Loading

(e) Block Stacking (f) Block Stacking (9) Block Stacking
(a) Bimanual Handover w/ Task Space Control /w GravComp /wo GravComp

Fig. 5: Behavior cloning prefers compliant and overdamped controller gains. Closed-loop rollout success rates across a grid of proportional

(K p) and derivative (Kj) gains for diverse manipulation tasks and robot embodiments. Each heatmap reports success averaged over evaluation
rollouts. Across tasks, higher success rate (darker red) consistently concentrates in the compliant, overdamped regime (upper-left), while stiff
or weakly damped controllers yield degraded performance.

where Q denotes the operator's perceived control quality. TrasBC policy on 100 teleoperated demonstrations, collected per-
lets operators compare each gain con guration at its begiin (400 unique demonstrations). The results are presented in
achievable experience. Result V-A-III.

We asked 12 users _to perform r_lon-prehensile qu pushigg Reinforcement Learning
task over 1-hour sessions, collecting 1,297 total trials. Gain ) ] ) )
con gurations were randomly sampled and blindly presented In this sect|o_n, we study how controller_galns affect_onlme
for each trial to control for learning effects across the sessiddl» Where gains shape both the transition dynamics and
Trials fail if the robot faults (position, velocity, or torque limit €XPloration during training.
violation) or the operator pushes the box out of the workspadeain-Dependent Environment Shaping. A key challenge in
For each trial, we recorded task success, completion tinigglating the effect of controller gains on online RL is that
and a subjective 1-5 control quality rating. The results aperformance can be highly sensitive to environment design
presented in Result V-A-II. and algorithm hyperparameters. These choices collectively

End-to-End Evaluation. The above experiments isolate théjeterml_ne the 'eam”?g regime, a de_pendencg we r_efer 0

learning and data collection effects independently. A natu env!ronment .shaplng. [.19]' To av0|q conating gain ef-

concern is whether these effects compose favorably: d g5ts with suboptimal training con guratlons: we re-tune key

collected under compliant, overdamped gains may visit'yPerparameters for each gain setting using computational

different state distribution than data collected under stiff gain}g),/perparameter optimization [20f:

potentially offsetting the learning advantage. To test this, we h’(K)=argmax J 7(h;K) : (8)

conduct an end-to-end experiment on a real Franka Research 3 h

robot. For each of the four corner gain con gurations, we trayhere ?(h; K) denotes the converged policy under gains K
and hyperparameters h. This ensures each gain con guration
is evaluated at its best achievable performance, allowing us
to determine whether RL can discover successful behaviors
regardless of gain settings. Findings on solution existence are
presented in Result V-B-I.

Hyperparameter Optimization Landscape. Beyond solution
existence, we also investigate whether certain gain regimes

1Speci cally, we optimize the action space design parameters h :=
(5:)inx  gedt) = ult)+ x(t)+ (1 )x dedt 1), where u(t) is
the policy output, 2 Rg scales the policy output, selects between absolute
. : : : =0) and relative ( =1) actions, and determines whether relative actions

.F'g' 6: Any tele_operatlon_ System requires a mapping from use‘z;{re ?ntegrated on E:urrzent state ( =1) or the previous target ( =0).
Inputs u to desired position targetsd@g_for the .Contm”er’ Wh'.Ch 2Policies are trained using the SKRL implementation [21] of PPO [22] on
substantially shapes how the robot is perceived under differgQys modied from IsaacLab [23].
controller gains.
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