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Data-Efficient Constrained Robot Learning with
Probabilistic Lagrangian Control

Shiming He and Yuzhe Ding

Abstract—We propose a novel framework for data-efficient
black-box robot learning under constraints. Our approach in-
tegrates probabilistic inference with Lagrangian optimization.
With the guide of a learned Gaussian process model, the La-
grange multiplier is controlled by the probability of whether the
constraints would be satisfied. This reduces the typical oscillations
seen in primal-dual updates and therefore improves both data
efficiency and safety during learning. Both synthetic results and
robot experiments demonstrate that our method is a scalable and
effective solution for constrained robot learning problems.

Index Terms—Probabilistic inference, reinforcement learning,
compliance and impedance control

I. INTRODUCTION

OBOT learning often involves optimizing black-box ob-

jectives through costly interactions with the environment.
In many real-world applications, the complexity increases due
to safety or task constraints that are also black-box and difficult
to evaluate. These challenges necessitate methods that both
data-efficient and safety-aware.

A commonly used approach to these challenges is Bayesian
Optimization (BO), which builds a probabilistic model of the
objective and selects query points that are expected to be
most informative. One effective and straightforward way to
extend BO to solve constrained problems is to jointly model
the objective and constraints [1], and then exploit this model
to develop a query strategy that only explores regions likely
to satisfy the constraints [2]. However, such methods inherit
a fundamental limitation in that they do not scale well with
respect to the dimensionality of the policy space [3].

To address this limitation, recent works have explored the
use of gradient information within the BO framework, such
as Gradient-Information Bayesian Optimization (GIBO) [4],
which selects query points that improve gradient estimates
to facilitate more effective search in high-dimensional policy
spaces. In constrained settings, the use of gradient informa-
tion naturally motivates incorporating Lagrangian relaxation
techniques. However, in reinforcement learning (RL), where
such techniques are used to solve constrained Markov Decision
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Processes (CMDPs), the primal-dual updates often exhibit
oscillatory behavior [5].

This instability causes two main issues in the robot learning.
First, the severity of physical hazards to robotic systems,
such as excessive force, collisions, and actuator stress, often
increases with the magnitude of the constraint violation. Large
oscillations during learning can therefore significantly elevate
the risk of damage. Second, although Lagrangian methods are
known to almost surely converge when applied to CMDPs [6],
the primary goal in the robot learning is not to achieve
optimality, but rather to improve performance within a limited
budget of iterations [7]. Unfortunately, oscillatory updates can
slow down the exploration of the high reward region near the
constraint boundary. This issue arises because, in many cases
such as maximizing velocity under energy constraints, optimal
policies often lie close to the boundary of the feasible region.
Oscillations in learning dynamics can consistently perturb the
policy away from this boundary.

We propose to reduce such oscillations arise in primal-
dual updates while preserving the data-efficiency and the
scalability of GIBO. Our key insight is that, while prior
work has attempted to address this instability with heuristic
control-based update rules for multiplier, they require careful
manual parameter tuning and may still suffer from oscillatory
behavior. By contrast, we leverage a probabilistic model of
the objective and the constraints in the form of a multi-task
Gaussian process (GP), which enables joint inference over
both the objective and constraints, as well as their gradients
with a tractable posterior. From this posterior, we derive a
probabilistic criterion that quantifies the likelihood of con-
straint satisfaction before updating the policy. This facilitates
an active control method for the multiplier, keeping it as small
as possible to preserve performance, while ensuring a high
probability of satisfying the constraints for each policy update.

Concretely, we propose GIBO-Lag, a safety-aware exten-
sion of GIBO for constrained black-box policy search. The
proposed algorithm incorporates an active multiplier control
method that reduces oscillations in the learning dynamics. We
validate our approach on a large-scale synthetic problem and
on multiple robot learning problems. Results demonstrate that
GIBO-Lag consistently achieves feasible solutions in a data-
efficient manner, exhibiting reduced oscillations compared to
Lagrangian primal-dual subgradient methods.

II. RELATED WORK

Constrained robot learning is an active field of research.
Brunke et al. [8] provide a comprehensive survey that catego-
rizes safety constraints into hard, probabilistic, and soft types,
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and distinguishes between safety during and after learning.
Depending on the specific problem setting, BO approaches
vary across these categories. Early work on constrained BO
extends the Expected Improvement (EI) acquisition function
by incorporating constraint uncertainty [2]. Its performance is
further improved by addressing the vanishing acquisition value
problem through the logEI acquisition function [9]. However,
both EI with constriants (EIC) and logEIC do not explicitly
enforce safety during learning. Their acquisition functions may
still favor exploration even at points with a low probability
of satisfying the constraints when the expected improvement
is high. Sui et al. [10] proposed SafeOpt, which guarantees
safety with high probability during learning and has become a
popular framework with many follow-up variants [11-14]. The
core idea of SafeOpt is to determine two sets: one contains
parameters that could optimize the unknown objective, and
the other one with candidates to enlarge the safe set using a
Lipschitz constant. While in [14] particle swarms have been
utilized for an adaptive discretization the parameter space to
scale up BO, the resulting optimizer does not come with the
potential to extend its learning to policies that go beyond the
scope of control parameter tuning.

An effective approach for scaling BO to higher-dimensional
parameter spaces is to confine samples locally. Representa-
tive approaches include Trust Region BO (TuRBO) [15] and
Gradient Information BO (GIBO) [4]. Scalable Constrained
Bayesian Optimization (SCBO) proposed in [16] extends
TuRBO to black-box constraints. SCBO employs Thompson
sampling to select points of minimum total violation during
learning, eventually identifying feasible policies with high
performance. Thus, SCBO is a method that considers soft
constraints. Our method adopts a similar problem setting,
and builds upon GIBO to address constraint violations. Such
violations are characterized as oscillatory learning dynamics.
We introduce a probabilistic criterion that estimates how likely
constraint violations are to occur after each policy update.

Apart from BO approaches, there are alternatives that
demonstrate promising data efficiency in constrained robot
learning by leveraging either the dynamical model or human
demonstration. SafePen [17] and SAMBA [18] are extensions
of the model-based PILCO [19] framework for safety-critical
systems. They use a GP approximation to the transition
dynamics. While model-based approaches can usually achieve
high data-efficiency, they are limited to relative small state-
action space [3]. Recently, Padalkar et al. [20] proposed a
Kernelized Guided RL framework, which efficiently learns
in-contact tasks from demonstrations (LfD) while enforcing
safety during learning. Built on model-free RL, it avoids the
limitations of model-based methods. Other safety-aware RL
approaches, such as trust region methods [21] and Lyapunov
methods [22, 23], are generally less data-efficient than LfD.
RL typically uses neural network policy with numerous pa-
rameters. In contrast, we focus on learning policies with a few
dozen parameters, such as weights for certain neural network
layers or weights for movement primitives. Exploiting this
structured policy representation reduces problem complexity
and improves data efficiency. Moreover, our approach requires
only priors on expected return, and can learn from scratch. It

is also well-suited for fine-tuning policies learned by afore-
mentioned safety-aware RL approaches, as demonstrated in
our experiments.

III. PRELIMINARIES

In this work, we formulate the robot learning as an episodic
and constrained policy search problem. The agent interacts
with the environment where each episode yields a trajectory
7 = (S0,a0,...,Sxk—1,ax—1) of K states s and actions a.
Each trajectory 7y is parameterized by a d—dimensional vector
6 € © that lies in a bounded and closed set © C R?. § encodes
configurable property of the robotic system. Specifically, 8 rep-
resents the weights of movement primitives used to generate
time-varying stiffness in a variable impedance controller in the
experimental section. The overall task performance of a policy
g is quantified through a reward function f,. : (SxA)% — R.

In addition to maximizing task performance, the feasible
policy must satisfy a set of constraints, which are encoded by
a cost function f. : (S x A)K — R that evaluates whether
a trajectory meets task-specific or safety-related requirements.
Both the reward f, and the cost f. are treated as black-box
functions, i.e., they are not available in closed form and can
only be assessed through episodic roll-outs.

For estimating them, we assume both the reward function
fr and the cost function f. are samples from a known GP
prior so that correlations can be induced between tasks. This
is realized by intrinsic model of coregionalization (ICM) [1]
that defines a covariance function between input-task pairs

Kp((0,1),(0',1") = Ky (t,t') @ K(0,0) (1)

where ® is the Kronecker product operator, K; and K are
covariance matrix, and they specify the similarities between
tasks (¢,t') and between inputs (6,6"), respectively. In addi-
tion, we assume the kernel functions K : © x © — R are at
least twice differentiable [4, 7]. This allows us to further derive
the Jacobian of ICM and incorporate gradient information.

We define the set of feasible policies as I, := {m € II :
fe(6) < 0}. The constrained optimization objective is then
given by

0* = arg max f,.(9). )
mell.

We approach the policy search problem by sampling tra-
jectories 7 with different policy parameterizations. For each
roll-out, the specific choice of 6 yields a noisy observation of
both the reward and the cost function

y=f(0)+e (3)

where f = [f., f<|", and we assume € ~ N(0,%,,).

Lagrange relaxation is often used to solve CMDP, and it
approaches the problem by converting it into an equivalent
unconstrained problem

Jnin max £(),0) = min max (fr — Afe) )

where L is the Lagrangian and A is the Lagrange multiplier.
By optimizing the dual problem g(\) = maxgy L(),0) over
A, the optimizer finds a feasible saddle point (0, (\.), As) of
(4). It leads to a solution that may be of use to the primary
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CMDP problem (see weak duality [24]). In the context of
RL, objectives and constraints are analytically intractable, and
therefore, a two-timescale stochastic approximation approach
is adopted to update 6 and A\ with their gradients [6]

Oiy1 < To [0i +m())VaL(Ni, 0;)] &)
Xit1 < Da [N = m2(0) VaL(Ni, 65)] (6)

where 'y and I") are projection operators. I'y projects 6 onto
a compact and convex set to ensure the iterate 6 stable. I'y
keeps the multiplier A within the interval [0, Apax]-

IV. CONSTRAINED LOCAL POLICY SEARCH
A. Intrinsic Jacobian GP Model of Coregionalization

We start from deriving a Jacobian GP to model the reward
and cost functions. The model is used to jointly infer functions
and their gradients, and the resulting gradient estimates are
then utilized to update the policy. With the Jacobian GP model
in [4] and the ICM (1), we derive the joint distribution between
noisy observations from different tasks and the derivative at
policy 0

wer) (o)

- 7
K@ ek VE@HoK])

VK(0,0) 0 K, VK(0,0) @ K,
where 7 = [yn} C R™ with m tasks and n distinct d-

= 01 .
dimensional inputs 6 for each. § = [éll Cc R™ 4 Jis a

Jacobian matrix belief over the latent function f : R — R™.
1(0) and Vp(6) are priors that are usually assumed to be 0.
By conditioning the prior joint distribution on the observation,

we obtain the posterior predictive distribution

veed (0)[0,5 ~ N (w'(0),=/(0)) .

w'(6) = Vi(6)
+(VE0.0) @ K,) (K (8.0) © K) ™" (7 - (@)
'(0) = V2K(6,0) ® K,

- (VK(é, 9 ® Kt) (K(6,0) @ K;) (VK@, ) @ Kt) .

®)

In the Jacobian ICM we use a “task priority” permutation

for y, whereas the ICM in [1] uses a “parameter priority”
1

Yy = Cc R, Thus, K; is on

J;h n

Y1t

the right side of K in (7) that contrasts with that of the
original ICM form in (1). This adjustment on permutation
is necessary for deriving the posterior distribution of the
derivative of the objective function, which is not considered
in previous work. The vectorized Jacobian matrix vecJ(6)
is thus permuted using task priority. However, this isT not
suitable for constructing a Lagrangian that requires vecJ ().
To circumvent this problem, we use a commutation matrix P
such that

permutation, i.e.,

vecJT( ) ~ ( )
! 9

where P can be constructed using slices of an identity matrix.

B. Probabilistic Primal-Dual Optimization

The Jacobian ICM derived in (7) provides a posterior
joint distribution of derivatives of objectives f, and f.. This
has the advantage that the closed-form predictive distribution
on the Lagrangian can be obtained by exploiting the linear
combination property of the normal distribution. Thus, one
can take the posterior predictive mean as the descent direction
for the policy update. Further, an issue of gradient Lagrangian
approach (5), (6) is that the cost and the multiplier A suffer
oscillation throughout learning, in particular when the learn-
ing rate of A is ill-determined [5]. We overcome this issue
by updating A with an active approach that guided by the
probability of whether the safety constraint is satisfied. Akin
to the standard Lagrangian (5), (6), we use a two-timescale
approach introduced below:

Update policy. Here we propose an update rule that im-
proves the Lagrangian. Since we have VoL = Vf. — AV [,
with the Jacobian ICM model (7) and its posterior (8), the
derivative of the Lagrangian £ w.r.t. 6 is normally distributed

Veﬁ(/\ 0) ~ N (i, %)
=[I —M]g (10)
—[1 M1 =)

where [ is an identity matrix of size d. Similar to (5), the
policy is thus updated with the mean of VoL
0+ 6+ nu. (an

Update multiplier. The multiplier is normally considered
as a penalty coefficient. The update law (6) integrates the
“distance” that f. exceeds the constraint, and it suggests that
farther f. away from the constraints, the more pronounced
the impacts of these tasks to the optimization problem become;
however how could we ascertain whether these impacts exerted
are adequate and appropriate? To answer this question, we
advance the understanding of the Lagrangian multiplier by
translating it to weight that helps to identify a descent direction
common to all tasks.

Once f. would probably breach safety constraint, a desirable
descent direction would not only guarantee that f. will stay
in constraints but also do not degrade the objective function
fr as much as possible after a gradient step. It motivates us to
find an optimal descent direction controlled by A for adaptively
trade-off the reward and cost. Recall that by twice continuously
differentiable assumption on the reward and cost functions, we
can therefore apply a linear approximation at 6

FOF) = f(0) + J(0)(0F

—0) (12)

where J = {zf H is a Jacobian matrix. We apply the policy
update (11) to (12), resulting in
G

~ f(0) +1J(0) (13)
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Fig. 1: A geometric illustration of the active control for the
Lagrange multiplier: The constraints are denoted by the dotted
line, with the dotted area being the feasible region. The current
policy and the next policy are marked with the red circle.
Using Eq. (14), we obtain the probability distribution of the
new cost after the policy update with different A. In this case,
A = 0.9 can guarantee the high probability safe update.

which is a linear transformation, and thanks to that, the
cost estimates F.(6T) after the policy update is normally
distributed, and can be written as

F(07)~N (fc(é) +ou [0 1] 2,
i [0 1[0 17 m).

Given A, the likelihood of f. not violating the constraint after
the policy update is a cumulative probability

pe(A) = Pr[Fe(07) < 0| Al

(14)

15)

We introduce a threshold 3, and p.(\) > [ reveals satisfaction
of the safety constraint with S probability. Intuitively, if
the multiplier A increases, the gradient of f. becomes more
dominant in the descent direction of Lagrangian, and therefore
it leads to faster decrease of the cost f.; however a large
multiplier may compromise the improvement of the reward
fr. Thus, a straightforward idea is to find a minimal X in a set
{A ]| pe(X) > B, X € [0, Amax|} (see Fig. 1 for an illustration).

C. Acquisition of Gradient Information

To efficiently estimate the descent direction of the La-
grangian, we extend the query defined in GIBO [4] to

QUERY(D, 6, ) := argmax aci(6 | D, 0, \) (16)
0cO

where D is the dataset (f,7) and ag; is the Gradient Infor-

mation (GI) acquisition function

O461(0 ‘ D9, /\) =E [Tr(zl | D) - TI‘(El ‘ DU (97 y))]
a7)
with ¥; being the gradient variance of the Lagrangian at 9
before and after observing a new point (6, y).

The GI acquisition function for Lagrangian inherits an im-
portant property from the original GI, i.e., it can actively select
the most informative points for estimating the descent direction
of the Lagrangian. In particular the multiplier translates the
uncertainty in both tasks f,, f., naturally to a joint form.

As an extreme case, if A — 0o, we attribute the variance in
Lagrangian gradient to the variance in cost function f.. On the
other hand, if A = 0, optimizer would not take the uncertainty
in the gradient estimates of cost function into account.

D. GIBO with Lagrangian

We summarize the gradient information Bayesian optimiza-
tion with Lagrangian (GIBO-Lag) in Algorithm 1. GIBO-
Lag uses the general GIBO framework which consists of
two nested loops to optimize the Lagrangian function via
Lagrangian relaxation. The Jacobian ICM (7) provides the
mean y; for descent direction (line 12), and covariance ¥; for
maximizing the gradient information (line 5). Both y; and 3,
are used to compute the p.(\) (line 10). GIBO-Lag actively
queries the most informative points in the query loop (line
4-11). When M such queries have been made, it leaves the
query loop and use gradient ascent with learned direction. To
further improve data efficiency, the query loop can be early-
stopped based on the improvement confidence criterion [7].
GIBO-Lag incorporates a heuristic approach (line 8-10) to find
a multiplier that balances the reward and the cost, guided by
a cumulative probability.

Algorithm 1 GIBO-Lag

1: Hyperparameters: hyperpriors for GP hyperparameters,
threshold for multiplier update (5, upper bound for the
multiplier, batch size M, step-size 7

2: é < b0y, D+ Dy

3: repeat > Policy updates
4: repeat > Collect data to estimate the gradient
5: 0 « argmax, acr(0|D, 0;, \) > Eq. (16)
6: y« f0)+e > Policy evaluation
7: D«+~DUb,y), M+ M—-1, A+ 0

8: repeat > Multiplier updates
9: increase A

10: until p.()\) > S or A reaches its upper bound

11: until M <=1
12: Oip1 0 +np
13: until required solution accuracy achieved

V. EXPERIMENTS

We evaluate our approach on two problem settings. One
is with large-scale synthetic objectives, and the other is with
simulated and real robot learning environments. This design of
experiment allows us to first validate the method under ideal
conditions and then assess its performance in more realistic,
challenging scenarios.

A. Synthetic Experiments

In this experiment, we adopt a commonly used benchmark
for BO, known as the within-model comparison setting [25].
In this setup, synthetic objective functions are sampled from
a known Gaussian Process (GP) prior, which ensures that
the optimizer operates under the correct model assumptions.
This also allows us to correctly set the prior in the optimizer.



HE et al.: DATA-EFFICIENT CONSTRAINED ROBOT LEARNING WITH PROBABILISTIC LAGRANGIAN CONTROL 5
IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

—— BO-EIC BO-logEIC

8-dim. domain 16-dim. domain

regret

200 300 100

# of evaluations

100 0

0 100 200
# of evaluations

100

—e— CMA-ES-Penalty

—e— SCBO —e— GIBO-Lag

32-dim. domain 64-dim. domain

0 100 200 100 0

# of evaluations

100 200

# of evaluations

300 100

Fig. 2: Results on synthetic problems with four different dimensional function domains. Curves show average performance
over 100 constrained optimization problems per domain. GIBO-Lag achieves lower regret with fewer samples, especially in

high-dimensional domain.
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Fig. 3: Assessing the robustness of GIBO-Lag with active multiplier control method.
dimensional domain with different batch sizes. For I- and PI-controlled multiplier,
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Experimentsare conducted on a 64-
the superscripts + and — indicate

relatively larger and smaller control parameters, respectively. Active multiplier control method consistently demonstrates reduced
oscillations and overshoot across all batch sizes, as evidenced in the constraint plots.

Such a setting enables a fair comparison of performance and
scalability across different BO methods under ideal conditions.

We divide the within-model comparison into two parts. In
the first part, we demonstrate GIBO-Lag can achieve higher
data efficiency and lower regret while satisfying constraints.
To this end, we compare it against several state-of-the-art
baselines: BO with Expected Improvement With Constraints
(BO-EIC) [2], BO with logEIC (BO-logEIC) [9], Scalable
Constrained BO (SCBO) [16], and Covariance Matrix Adap-
tion Evolution strategy with Penalty (CMA-ES-Penalty). In
the second part, we aim to validate the effectiveness of the
proposed active multiplier control method in reducing the
oscillations that arise in primal-dual methods. Within the
framework of GIBO-Lag, we compare our active approach
with heuristic control-based integral (I) and proportional-
integral (PI) multiplier updates.

Experiments are conducted over a d-dimensional unit do-
main I = [0,1]¢ with d = 8,16, 32,64. For each domain,
we sample 1000 function values from a multi-task GP prior
with a Squared Exponential (SE) kernel and signal variance
o = 0.01. The resulting correlated posterior mean serves as the
reward and cost function. This process is repeated to generate
100 synthetic constrained optimization problems per domain.

We assume a zero mean function for both reward and cost in
the GP prior. The covariance matrix is set to Ky = [l %2],
indicating that the reward and cost functions are positively
correlated. This on one hand reflects realistic scenarios where
increasing the reward often comes with higher cost, and on the
other hand demonstrates algorithm’s efficiency, in particular
in navigating trade-offs. To maintain comparable optimization
difficulty across dimensions, we increase lengthscales of GP as
dimensions increase. Lengthscale distributions are available in
Appendix A.5 of [4]. In synthetic experiments, all algorithms

have a budget of 400 noisy evaluations of the reward and
cost functions, and are started in the middle of the domain
[0.5]2. The GP prior is provided to all BO methods, and
to ensure a fair comparison, we fine-tune space-dependent
hyperparameters for the CMA-ES algorithm on the cluster to
optimize its average performance.

Fig.2 shows the normalized difference between the con-
strained global optimum and the function value of the opti-
mizer’s best guesses within the feasible region. If the initial
policy exceeds the constraint f.(fy) > 0, we set the initial
best guesses f,.(éo) = 0. When comparing points that violate
constraints, we define the best guess as the one with the
least total violation. Under this evaluation criterion, GIBO-Lag
consistently achieves lower regret compared to the baseline
methods. Furthermore, it significantly reduces the variance
of the obtained regret, indicating more stable performance
across different dimensional domain. Compared to other local
optimizers, GIBO-Lag converges faster toward the constrained
optimum, exhibiting higher data efficiency. Note that global
optimizers (BO-EIC and BO-logEIC) converge much faster
than GIBO-Lag in particular in high dimensional domain. This
may be because global optimizers can easily locate the feasible
region in our synthetic setting, whereas local optimizers must
continue to probe an unfeasible region for a more promising
direction, when the initial policy exceed the constraints.

In the second part of the synthetic experiment, we evaluate
the effectiveness of the proposed active multiplier control
method in stabilizing the optimization process. Specifically,
we conduct an ablation study on a 64-dimensional domain
with batch sizes of 8, 20, and 32. Following the control
concept from [5], we compare our active multiplier update
method against I and PI update method. Notably, all three
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Fig. 4: Safety-Gymnasium environments. Left: Circlel, mid-
dle: Hopper, and right: Swimmer.
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Fig. 5: Average fine-tuning performance of constrained RL
agents over 100 runs. GIBO-Lag achieves higher rewards
while satisfying constraints (cost < 25) across multiple en-
vironments.

multiplier update methods are implemented within the GIBO-
Lag framework. This ensures that any observed differences in
performance can be attributed solely to the multiplier update.
For the I and PI methods, we hand-tune their parameters to
examine how different settings affect the oscillatory behavior
of the constraint violations. As shown in Fig.3, our active
control approach not only achieves lower regrets but also
improves the learning dynamics, exhibiting less oscillations
and overshoot. In contrast, the I and PI methods often require
manual parameter tuning, and the results clearly show that they
may still suffer from instability and oscillatory behavior. These
improvements are observed across all batch sizes, underlining
the robustness of the active multiplier control method.

B. Robot Learning Experiments

To assess the effectiveness of our method in more realistic
settings, we consider the following two tasks:

Adapting RL Agents to New Constraints. In this experi-
ment, we consider a scenario where an agent, pretrained using
proximal policy optimization (PPO-Lag), have to adapt to a
stricter constraints. We follow the setting from [26]. The goal
is to fine-tune its strategy to meet new safety requirements in
real-world applications while continuing to maximize rewards.
The agent uses 2-layer NNs with n, = 64 hidden units
each, but only the weights of the linear mapping from the
last hidden layer to the actions are optimized. This leads to
(np, + 1) x dim(.A)—dimensional parameters.

S5p =

Fig. 6: Experimental setup for variable impedance control
using a flexible rod. The robot follows a desired pushing trajec-
tory (dotted line), making contact with the curved obstacle in
each episode. The objective is to minimize trajectory tracking
error while satisfying contact force constraints.

We compare our algorithm to its competitors (SCBO,
CMA-ES-Penalty) in the following three environments from
the Safety-Gymnasium [27] (see Fig. 4): SafetyPointCirclel-
vO (130 dim.), HopperVelocity-vl (195 dim.), and
SwimmerVelocity-vl (130 dim.). Detailed task descriptions
and the definitions of reward and cost functions can be found
in the Safety-Gymnasium documentation.For the navigation
task (Circlel), we modify the cost signal by changing the wall
location. For the velocity task (Hopper and Swimmer), we
change the cost signal by decreasing the velocity threshold.
We also include PPO-Lag in our comparison, and reduce its
training batch size to encourage fast adaption. We do not
compare again global optimizers (BO-EIC and BO-1ogEIC) in
this and the following experiment, as they explore the entire
policy domain, which may easily generate unstable policies
that severely violate safety constraints, in particular at the
start of optimization. Alongside PPO-Lag, GIBO-Lag, SCBO,
and CMA-ES-Penalty are evaluated within an episodic
setting where the number of steps may differ between
environments but remains consistent across all algorithms.
We show performance over the episode in this experiment.
All algorithms start from the same checkpoint with a limited
budget of 300 episodes.

The results in Fig. 5 are based on averages from 100
independent runs. In the Circlel and Hopper environments, the
policy trained using PPO-Lag no longer meets the constraint
fe < 25 due to changes in the cost signal. In Fig. 5 (a)
and (b) we observe that all the algorithms aim to satisfy the
constraints, which leads to a decrease in rewards. When the
new cost aligns with the constraints, we see a slight increase
in rewards. In both cases, GIBO-Lag and SCBO significantly
outperform PPO-Lag and CMA-ES-Penalty, and GIBO-Lag
achieves higher rewards than SCBO while their ability to han-
dle constraints are similar. This finding is consistent with Fig.
2 in that GIBO-Lag outperforms SCBO. To further validate our
results, we tune the cost signal in the Swimmer environment
so that constrained optimization is initialized almost on the
boundary. Again, GIBO-Lag demonstrates effectiveness in
improving rewards when the constraint is active.

Learning the Precision-Compliance Tradeoff. Impedance
control is a widely used approach for robot to ensure safe
physical interaction with the environment, and the impedance
can vary during the task [28]. This is known as variable
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Fig. 7: Training curves of GIBO-Lag with different multiplier
update method. Markers indicate policy update iterations,
and shaded areas represent the 95% quantile interval of cost
function after it first satisfies the constraint.
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Fig. 8: Tracking error and contact force after each policy
update iteration. Darker lines correspond to later iterations.
The learned policy reduces tracking error while maintaining

contact force below 8 N per episode.

impedance control. Our goal is to help robots learn to adapt
impedance to specific tasks and environments. In this real-
world experiment, the robot arm aims to track the trajectory as
accurate as possible while keeping contact force within safety
limits. This goal is ubiquitous in robotic applications such as
polishing and peg-in-hole tasks, which require a sophisticated
trade-off between precision and compliance. A high-precision
robot controller may lead to high contact forces that damage
the robot or object. A fully compliant controller, on the other
hand, might cause the robot to get stuck due to environmental
friction and resistance.

Inspired by [29], the experiment setup is shown in Fig. 6.
During each roll-out with a fixed duration 7', the robot arm
holds a flexible 3D-printed rod rigidly attached to its end-
effector and moves it along a straight line in the horizontal
plane. A fixed curved obstacle lies in the rod’s path, resulting
in inevitable contact during motion. As the rod contacts the
obstacle, friction and resistance lead to intermittent sticking
and jerky movement.

Constrained optimization problem: we want the robot to
move the rod at a constant speed along the centerline of the
obstacle while maintaining safe contact forces during the entire
roll-out. Thus, the optimal policy 7* is obtained by solving

T = arg maxi - ‘ {x(ty)(t) Ut}

well.
where z(t) and y(¢) denote the position of the end-effector
in the horizontal plane, and vt represents the desired forward
movement along the x-axis at constant speed v. The constraint
set I1. includes all policies 7 such that the maximum measured
contact force during a roll-out remains within safety limits:

e = {m € I mac [|[fo(t), fy(®)]lly < Fmax}

(18)

2
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Fig. 9: Learned variable stiffness after each policy update
iteration. Learned policy adaptively reduces stiffness in regions
with high contact force, improving compliance to meet the
force constraint while compromising on tracking accuracy.

where f,(t) and f,(¢) denote contact force measured by a
six-axis force/torque sensor in the x—axis and y—axis.

Policy parameterization: the policy 7 is parameterized by
a set of weights § = {w;}?* = 1, which modulate the stiffness
of a Cartesian impedance controller. Specifically, the robot
uses the following torque command 7

7= J(q) [-K(n —na) — DJ(q)d]

where J(q) € RS*T is the Jacobian matrix related to the
task frame, and 1 — 1y € R® represents the translational and
rotational tracking error in the task space. K and D are the
virtual Cartesian stiffness and damping matrices, respectively.
To reduce the dimensionality of the policy space, we assume
K and D are diagonal and only modulate the stiffness in
r—axis and y—axis. The remaining translational stiffness (z-
axis) and all rotational stiffness values are untouched. The
time-varying stiffness values k,(t) and k,(t), corresponding
to the first two diagonal entries of K, are generated using
weighted combinations of movement primitives

Sty it
it @ilt)
where ®;(t) = exp(cos(wt — ¢;) — 1) are von Mises basis
functions centered at fixed locations c; evenly spaced over
the roll-out duration (0-20 seconds), and w = 27/20. Each
axis uses 12 basis functions, resulting in a total of 24 weights

6 = {w;}?* = 1, which are optimized by the GIBO-Lag.

We evaluate GIBO-Lag on this task with a budget of 150
roll-outs. Each roll-out lasts for 7' =20s, and all measures
are updated at 100 Hz, resulting in 2000 time steps per roll-
out. The optimizer is initialized with zero weights so that
the stiffness on both r—axis and y—axis are fixed to 400.
To further validate the effectiveness of the active multiplier
control method in a more realistic setting, we compare it again
with the standard primal-dual subgradient algorithm. As in the
ablation study from the synthetic experiment, we use I* and I~
to denote large and small controller gains, respectively, for the
multiplier update. Fig.7 shows the training curves of GIBO-
Lag under different multiplier update strategy. The left plot
shows the best performance achieved so far, i.e., the tracking
error corresponding to the lowest constraint violation. GIBO-
Lag with the active multiplier control method outperforms
the baseline method, achieving both faster convergence and
lower tracking error. The right plot illustrates the amplitude
of constraint oscillations during training. The active multiplier
control method reduces the oscillation amplitude to 42.4% and

(20)

ko (1), Ky (£) = 400 + 21)
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30.2% of that observed with IT and I~, respectively. Note
that we adopt the improvement confidence criterion proposed
in [7] to early stop the query loop, allowing more policy update
iterations to be included in the plot. Fig. 8 and Fig. 9 show the
evolution of tracking error, contact force, and learned stiffness
over policy updates. Intuitively, when the flexible rod enters
more curved regions, both the tracking error and contact force
tend to increase, while the stiffness decreases to allow greater
flexibility. This trend is evidenced by two noticeable drops in
the learned stiffness around steps 500 and 1700, which become
more pronounced with more policy update iterations.

VI. CONCLUSION

In this letter, we propose a novel data-efficient method,
GIBO-Lag, for constrained robot learning by combining the
strengths of local policy search and Gaussian Process model-
ing. GIBO-Lag extends the GIBO framework to constrained
settings by introducing a probabilistic Lagrangian formulation,
where policy updates are guided by the posterior mean of
the Lagrangian. Further, the Lagrange multiplier is actively
controlled by the probability of whether the constraints would
be satisfied. This enables the algorithm to effectively trade
off the reward and cost, and therefore reduces the oscillations
and overshoot behaviors during training. We demonstrate the
effectiveness of our approach on both simulated and real-world
robot learning tasks.

A limitation of our approach is the assumption of additive
Gaussian noise for analytical tractability, which may not fully
capture complex dynamics. However, in our robot learning
experiments, the main source of noise in the reward and cost
function comes from sensors, rather than from the system
dynamics. Also, episodic returns show low variance across
repeated evaluations, supporting the use of a simplified addi-
tive noise model. Further, there is an implicit assumption that
the primal maximizer for the optimal multiplier is feasible.
This assumption may not always hold in practice, and GIBO-
Lag could get stuck in an infeasible local optimum. Thus,
we recommend warm-starting optimizer with a policy learned
from RL or human demonstration. Future work may further
address this limitation by incorporating trust-region methods.
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