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Abstract— Learning from Demonstration (LfD) allows robots
to mimic human actions. However, these methods do not
model constraints crucial to ensure safety of the learned skill.
Moreover, even when explicitly modelling constraints, they rely
on the assumption of a known cost function, which limits
their practical usability for task with unknown cost. In this
work we propose a two-step optimization process that allow
to estimate cost and constraints by decoupling the learning of
cost functions from the identification of unknown constraints
within the demonstrated trajectories. Initially, we identify the
cost function by isolating the effect of constraints on parts of
the demonstrations. Subsequently, a constraint leaning method
is used to identify the unknown constraints. Our approach is
validated both on simulated trajectories and a real robotic
manipulation task. Our experiments show the impact that
incorrect cost estimation has on the learned constraints and
illustrate how the proposed method is able to infer unknown
constraints, such as obstacles, from demonstrated trajectories
without any initial knowledge of the cost.

I. INTRODUCTION

Current robots are limited in their ability to perform

complex tasks due to the difficulty of programmatically

describing the desired behaviors. The main approach to ad-

dress this challenge is Learning from Demonstration (LfD),

a method in which robots learn to perform tasks effectively

by imitating expert demonstrations, bypassing the need for

explicit programming of complex behaviors [1].

However, learning generalizable policies with LfD meth-

ods can be challenging as these methods often do not

explicitly guarantee constraint satisfaction. This is a signifi-

cant issue, since constraints such as workspace obstacles or

velocity limits in part of the workspace are used to represent

essential safety requirements and performance specifica-

tions, and without guarantees of constraint satisfaction, the

safety and efficacy of robotic systems cannot be ensured.

Even outside LfD, the importance of constraints is visible

in recent developments in Inverse Reinforcement Learning

(IRL) where work has been devoted to methods to prioritize

learning constraints over the traditional emphasis on reward

functions.

One main limitation of existing methods for constraint

learning is the assumption that the reward function (or

cost) is known, as observed in [2]–[4]. However, incorrect

user-defined cost can cause constraints to be erroneously

identified. Therefore, identifying both the cost function and
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Fig. 1: Starting from a human demonstration, we propose a

novel method to jointly learn both cost and constraints to

allow the robot to replicate the task. Here, a user demon-

strates dropping a ball from a cup to a target; the retrieved

constraint limits the cup tilt (θ) when the cup position (y) is

not over target, as shown in red in the graph.

constraints simultaneously is necessary to learn skills while

ensuring safety of the system.

In this paper, we introduce a method to jointly learn both

cost function and constraints from human demonstrations.

We achieve this with a novel method to estimate cost under

the assumption that constraints are affecting parts of the

demonstration and subsequently utilizing the retrieved cost

to identify the constraints. The learned constraints can be

applied to generate new trajectories. These trajectories not

only align with the observed human demonstrations but also

prioritize safety, ensuring that the robot’s actions are both

effective and secure. The main contributions of this work

are:

• A method jointly learning optimal cost and constraints

for skills generated through human demonstrations in

the presence of unknown constraints and cost.

• An experimental validation of our approach both in

simulation and with a real-world system.

• Code for our method and experiments to facilitate

reproducibility and further research in this area1.

Our paper is structured as follows: In Sec. II, we discuss

recent developments in the field of task learning and safety

assurance, examining related work, and providing context

1Source code for method and experimental setting of this paper is found
at version.aalto.fi/gitlab/chaubes1/jointly-learning-cost-and-constraints.
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for our approach. Sec. III presents the problem formulation

addressed by our method. Sec. IV, we introduce our proposed

method for extracting cost functions and constraints, de-

scribing the techniques and algorithms used. Finally, Sec. V

presents an evaluation of our approach, including its appli-

cation in real-world scenarios, and conclusions are drawn in

Sec. VI.

II. RELATED WORK

Recent studies [5]–[7], have identified three main cate-

gories within LfD: policy, plan, and cost or reward learning,

based on the learning outcomes. Although these approaches

offer powerful ways to train agents, they often struggle to

ensure that important constraints are met [8].

Most of the methods proposed to infer constraints require

prior knowledge of the cost function [2]–[4], [9], [10]. The

method proposed in [3], [4] represents an initial step in learn-

ing arbitrary constraints. However, it assumes the reward

function, which is required to calculate the policy, is known

or calculated using an IRL method. In another approach

[9], constraints are inferred by comparing demonstrated

trajectories with those of higher performance from a nominal

model. These constraints are found within the feature space

of lower-cost trajectories not followed by the demonstrator,

implying the presence of previously unidentified constraints.

However, this approach relies on an already known cost

function and lacks a mechanism for determining an optimal

cost function.

The method proposed in [2] has limitations, including the

extraction of only a single constraint and exclusive focus

on soft constraints, which may not be suitable for safety-

critical applications. The work by [10] recovers constraints

provided reward function by introducing Bayesian Network

Inverse Reinforcement Learning (BN-IRL) and its extension,

Constraint-based BN-IRL (CBN-IRL). While BN-IRL orga-

nizes decision-making without strict constraints, CBN-IRL

adds hard constraints but struggles with accurately identify-

ing constrained tasks due to its flexible assignment variable.

In the approach presented by [11], constraints are primarily

extracted by applying Karush–Kuhn–Tucker (KKT) condi-

tions, considering parametric uncertainty in cost up to a

certain degree to handle locally-optimal demonstrations.

Our method contributes to the field of cost and constraint

learning, addressing the limitations of previous approaches.

Unlike prior methods that concentrate solely on soft con-

straints or require prior knowledge of the cost function, our

approach segments demonstrations to isolate the impact of

constraints on policy learning. This segmentation facilitates

a more nuanced understanding of how policy influences

decision-making without constraints, thereby allowing for a

more accurate and robust inference of constraints directly

from the learned policy and the demonstrations themselves.

III. PROBLEM FORMULATION

A. Optimal trajectory problem

Let us consider a set of optimal human demonstra-

tions Z = (ζ1, . . . , ζL), where each trajectory ζl =

(xl, ul) consists of a sequence of states xl and controls

ul. Within each trajectory, individual points in time are

denoted (xl(k), ul(k)). For simplicity, we momentarily omit

the superscript l.

Each demonstration is assumed to be the solution to

constrained quadratic optimization problem

min
x(k),u(k)

J (1a)

such that (s.t.)

x(k + 1)− f(x(k), u(k)) = 0
x(k)− xs = 0
x(k)− xg = 0
︸ ︷︷ ︸

Equality constraints

∀k ∈ [1, N − 1]
k = 1
k = N

(1b)

g(x(k)) ≤ 0
h(u(k)) ≤ 0
︸ ︷︷ ︸

Inequality constraints

∀k ∈ [1, N ]
∀k ∈ [1, N − 1]

(1c)

where J is the standard quadratic cost with parameters Q

and R,

J =
1

2

(
N∑

k=1

x(k)⊤Qx(k) +

N−1∑

k=1

u(k)⊤Ru(k)

)

, (2)

and x(k) ∈ R
nx represents the state vector, while u(k) ∈

R
nu denotes the control vector. The parameter Q serves as

the weight for penalizing states, contributing to the genera-

tion of the optimal trajectory. On the other hand, R is the

weight applied to minimize control efforts. The inequality

constraint, represented by g(x(k)) : Rnx → R
ncx for the

states and h(u(k)) : Rnu → R
ncu for the control, encloses

all the known/unknown inequality constraints, respectively.

Here, ncx and ncu denote the number of inequality con-

straints for states and control, respectively. The constraint

x(k + 1) − f(x(k), u(k)) = 0 represents known system

dynamics. Lastly, conditions x(1)−xs = 0 and x(N)−xg =
0 correspond to the initial and final states, respectively.

B. Constraints formulation

The constraint set defined in (1b) and (1c) includes both

equality and inequality constraints. The equality constraints

are assumed to be known and account for the system

dynamics governed by f(x(k), u(k)), and initial and final

states, i.e., xs and xg . These constraints ensure that the

system starts and ends in specified states and adheres to the

predefined dynamics throughout its operation. The inequality

constraints for state g(x(k)) and control h(u(k)) can be

known or unknown. These constraints limit the states and

controls to prevent them from exceeding certain bounds,

thereby ensuring safety and feasibility within the system’s

operational environment. The constraints are considered to

be vector valued, and thus, an arbitrary number of constraints

can be used.

Moreover, while not explicitly specified in (1c), inequality

constraints can be divided into inclusive (■) and exclusive (□).

Inclusive constraints ensure that the trajectory remains within
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specified bounds, promoting safety and task compliance,

while exclusive constraints are designed to keep the trajec-

tory outside of certain bounds, thus avoiding unsafe regions.

We also assume inequality constraints to be describable as

axis-aligned bounds for inclusive constraints and axis-aligned

shapes for exclusive constraints, noting that axis-aligned

constraints can represent irregular shapes when utilized in

large numbers. In the following, the vector w(k) ∈ R
nw may

represent either the state vector x(k) ∈ R
nx or the action

vector u(k) ∈ R
nu , depending on the problem context.

Given lower-bounds wlb
■
, wlb

□
∈ R

nw and upper-bounds

wub
■
, wub

□
∈ R

nw , inclusive constraints can be expressed as

wlb
■
≤ w■(k) ≤ wub

■
∀k ∈ [1, N ] , (3)

while exclusive constraints can be expressed as

nw∨

i=1

w□(k, i)− wlb
□
(i) ≤ 0 ∨ w□(k, i) + wub

□
(i) ≤ 0

∀k ∈ [1, N ] , (4)

where i ∈ [1, nw] refers to the i-th dimension out of the

nw state or action dimensions. The interpretation of (4)

is that, in order for the demonstration to not violate an

exclusive constraint, each time-step k needs to be outside

the constraint’s bounds on at least one dimension.

Please note that, while inclusive constraints are convex,

exclusive constraints are not, and therefore they need to be

relaxed when included in convex optimization. For this rea-

son, in this work, while we present a method able to retrieve

unknown constraints of both types, in the experiments we

focus on exclusive constraints only.

C. Cost and constraints estimation problem

In the setting of this paper, some of the inequality con-

strains as well as the cost parameters are unknown. A signif-

icant challenge arises from the simultaneous determination

of the cost function and multiple constraints, leading to the

issue of unidentifiability: numerous configurations of cost

and constraint functions may produce identical trajectories

[12].

Therefore, in this work we propose a method to jointly

identify both cost parameters (Q and R) as well as an

arbitrary number of unknown inequality constraints affecting

the demonstrations. Our method also addresses the relaxation

of exclusive constraints.

IV. METHOD

To jointly estimate both cost parameters and constraints,

our approach is twofold: first, we determine the cost asso-

ciated with the demonstration under the assumption that the

unknown constraints are active only at certain time steps.

This step isolates the effect of the constraints on the cost

function and captures the underlying cost structure that drives

the system’s behavior in the absence of external unknown

constraints. Second, we infer the unknown constraints based

on the previously estimated cost. This step relies on the

understanding that deviations of the trajectory from the

unconstrained behavior can be attributed to the unknown

constraints.

We will describe our approach for estimating the cost

parameters in Sec. IV-B, followed by the estimation of the

constraints in Sec. IV-C. But before, in Sec. IV-A we present

a reformulation of the trajectory optimization problem pre-

sented in Sec. III-A according to the KKT conditions which

is used in multiple parts of our method.

A. KKT formulation

The optimization problem presented in Sec. 2 is convex,

differentiable, and satisfies constraint qualification criteria

[13]. This enables us to utilize the first order KKT condi-

tions [14], [15] to formulate optimization problems within

a unified framework, capable of handling both equality and

inequality constraints alongside the objective function. Given

our particular interest in the inverse problem of 2, where

solutions (trajectory ζl) are known and unknown costs and

constraints need to be learned, we will adapt the KKT con-

ditions, referred to as the Inverse KKT (IKKT) conditions,

to infer these unknowns.

In the IKKT formulation, our goal is to derive unknown

costs and constraints from given demonstration while consid-

ering some known constraints. We introduce specific vectors

within our IKKT framework that represent various settings

for extracting costs and constraints. Specifically, we have

binary switching vectors for state (vp
x ,v

d
x ,v

s
x) and control

(vp
u,v

d
u,v

s
u) for different conditions. In these vectors, an

element of ‘1’ signifies that the dimension is included in the

optimization formulation, while a ‘0’ means it is excluded.

We define v
d
x = [vs

x,v
s
x]

⊤ and v
d
u = [vs

u,v
s
u]

⊤.

This approach in the IKKT formulation allows us to learn

about costs and constraints without needing to alter the

formulation. We reinterpret the KKT stationary condition;

rather than setting it to zero, we represent this condition

with a Lagrange derivative expression that needs to be

minimized. This modification allows us to address cases

where achieving the exact condition might not be possible

or optimal, focusing on minimizing the deviation from the

ideal stationary state. The IKKT formulation of our problem

is then expressed as follows:

Primal Feasibility (p.f.):

v
p
x ⊙ g(x(k)) ≤ 0, v

p
u ⊙ h(u(k)) ≤ 0 (5)

Dual Feasibility (d.f.):

v
d
x ⊙ λx(k) ≥ 0, v

d
u ⊙ λu(k) ≥ 0 (6)

Complementary Slackness (c.s.):

v
d
x ⊙ λx(k)⊙ g(x(k)) = 0,

v
d
u ⊙ λu(k)⊙ h(u(k)) = 0

(7)

Lagrange Derivative (l.d.):

∂L

∂x(k)

∣
∣
∣
∣
k=1

= Qx(k) + v
s
x ⊙

[

λx(k)
⊤ ∂g(x(k))

∂x(k)

]⊤

−

[

ϑd(k)
⊤ ∂f(x(k), u(k))

∂x(k)

]⊤

+ ϑs
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∂L

∂u(k)

∣
∣
∣
∣
k=1

= Ru(k) + v
s
u ⊙

[

λu(k)
⊤ ∂h(u(k))

∂u(k)

]⊤

−

[

ϑd(k)
⊤ ∂f(x(k), u(k))

∂u(k)

]⊤

∂L

∂x(k)

∣
∣
∣
∣
k∈(1,N)

= Qx(k) + v
s
x ⊙

[

λx(k)
⊤ ∂g(x(k))

∂x(k)

]⊤

+ ϑd(k − 1)−

[

ϑd(k)
⊤ ∂f(x(k), u(k))

∂x(k)

]⊤

(8)

∂L

∂u(k)

∣
∣
∣
∣
k∈(1,N)

= Ru(k) + v
s
u ⊙

[

λu(k)
⊤ ∂h(u(k))

∂u(k)

]⊤

−

[

ϑd(k)
⊤ ∂f(x(k), u(k))

∂u(k)

]⊤

∂L

∂x(k)

∣
∣
∣
∣
k=N

= Qx(k) + v
s
x ⊙

[

λx(k)
⊤ ∂g(x(k))

∂x(k)

]⊤

+ ϑd(k − 1) + ϑg

Here, λx(k) ∈ R
ncx

≥0 and λu(k) ∈ R
ncu

≥0 represents the

vector of Lagrange multipliers associated with the inequal-

ity constraints in state and control respectively. ϑd(k) ∈
R

nx , k ∈ [1, N ] denotes the vector of Lagrange multipliers

linked to system dynamics. ϑs ∈ R
nx and ϑg ∈ R

nx denotes

the vector of Lagrange multipliers linked to initial point

k = 1 and final point k = N , respectively.

B. Cost extraction

We propose a two-step method to determine the cost

parameters: initially, demonstrations are locally partitioned

into segments based on whether the unknown constraints are

active; subsequently, the inactive segments are utilized to

learn the cost.

In cost learning setup, we set the vectors v
p
x and v

p
u to

zeros. This step is taken to overlook the primal feasibility

condition, as the demonstrations already meet this criterion

for both known and unknown constraints. To understand the

policy in the absence of unknown constraints, we introduce

the vectors v
s
x and v

s
u. The elements within the vectors v

s
x

and v
s
u are set to ‘0’ for unknown constraints and to ‘1’ for

known constraints.

1) Demonstration segmentation: We want to partition

a trajectory ζ into active segments ζ⊖ ⊂ ζ—i.e., where

the unknown constraints are active—and inactive segments

ζ⊕ ⊂ ζ—i.e., where the unknown constraints are inactive.

Let us define the three-point segment of trajectory. Three

points were chosen as the minimum required for solving

the discrete KKT formulation. ζ starting at time-step j as

ζj = {ζ(j), ζ(j + 1), ζ(j + 2)}. We propose a method to

assign each segment ζj to either ζ⊖ or ζ⊕ leveraging the

intuition that inactive segments will behave according to

the optimal cost parameters and known constraints, while

active segment—due to influence of unkown constraints—

will showcase a noticeable variation in the trace of the

normalized cost Ωj , obtained by normalizing Qj with regards

to Rj . Therefore, we propose to estimate cost parameter for

each segment ζj with j ∈ [1, N − 2] and then perform an

outlier detection step to identify the active indices.

Therefore, given a trajectory ζ and an index j, we solve

min
Qj ,Rj ,λ̂j

x,λ̂
j
u

ϑ̂
j

d
,ϑ̂s

j
,ϑ̂g

j

∥
∥J j

∥
∥
2

(9)

s.t. (6) and (7) satisfy, Qj ≥ 0, Tr(Qj) = 1 and Rj > 0,

and where

J j =

[
∂L

∂x(j)
,

∂L

∂u(j)
,

∂L

∂x(j + 1)
,

∂L

∂u(j + 1)
,

∂L

∂x(j + 2)

]⊤

λ̂j
x = [λx(j), λx(j + 1), λx(j + 2)]

λ̂j
u = [λu(j), λu(j + 1)]

ϑ̂
j
d = [ϑd(j), ϑd(j + 1)]

ϑ̂s

j
= 0 ⇐ j ̸= 1, ϑ̂g

j
= 0 ⇐ j ̸= N − 2 .

Equation (9) gives Qj , Rj , i.e., an estimate of the cost pa-

rameters for that segment. To detect outliers, the normalized

cost Tr(Ωj) is calculated for each segment at time-step j and

the Generalized Extreme Studentized Deviate (GESD) [16]

outlier procedure is performed on list of Tr(Ωj)∀j ∈ [1, N ].
We then include all ζj identified as outlier into ζ⊖ and set

ζ⊕ = ζ \ ζ⊖.

2) Cost estimation from inactive segments: To determine

the unknown cost weights Q and R, we consider all indices

j⊕l of inactive segments ζ⊕l within each trajectory ζl. This

approach addresses the issue of unidentifiability by focusing

exclusively on time steps that fully inform the demonstrated

policy. It is important to note that unknown constraints only

prompt behavioral changes when active. To learn a time-

invariant cost that aligns with the entire set of demonstrations

Z , we solve

min
Q,R,λ̃x,λ̃u

ϑ̃d,ϑ̃s,ϑ̃g

∥
∥[J⊕

1 ,J⊕
2 , . . . ,J⊕

L ]⊤
∥
∥
2

(10)

s.t. (6) and (7) satisfy, Qj ≥ 0, Tr(Q) = 1 and Rj > 0, and

where

J⊕
l =

[
∂Ll

∂x(ql)
,

∂Ll

∂u(ql)
, . . .

]

λ̃x = [λl
x(ql), . . .], λ̃u = [λl

u(ql), . . .], ϑ̃d = [ϑl
d(ql), . . .]

ϑ̃s = [ϑl
s(ql), . . .], ϑ̃s

l
(ql) = 0 ⇐ ql ̸= 1

ϑ̃g = [ϑl
g(ql), . . .], ϑ̃g

l
(ql) = 0 ⇐ ql ̸= Nl

∀ql ∈ j⊕l

This optimization problem is solved once, incorporating

all inactive segments from all demonstrated trajectories to

estimate the cost weights Q and R. The computational cost

of the problem is similar to that of a least squares problem.

In the next section, we use these cost weights to identify the

unknown constraints.
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C. Constraint extraction

Our proposed method for extracting constraints from

observed demonstrations comprises three essential steps:

Firstly, we start with the formulation of inequality con-

straints. Secondly, we introduce additional complementary

conditions to effectively manage both inclusive constraints

and unobserved bounds. Finally, we present a constraint

learning algorithm that utilizes the initial two steps.

1) Inequality constraints representation: As detailed in

Sec. III-B, inequality constraints can be either inclusive or

exclusive. We represent inclusive constraints as

D■w■(k)− F■ ⊙ w■ ≤ 0 (11)

where

D■ =

(
−Inw×nw

Inw×nw

)

, F■ =

(
−1nw×1

1nw×1

)

, w■ =

(
wlb

■

wub
■

)

.

Exclusive constraints are non-convex and need to be

relaxed when included in convex optimization. To relax the

formulation presented in (4) into a convex set, we follow the

method proposed by Schouwenaars et al. [17], please refer

to that work for a complete explanation. Let us introduce

a binary variable vector p(k) ∈ {0, 1}2nw . Each exclusive

constraint can be represented as:

D□w□(k)− F□ ⊙ w□ −M(1− p(k)) ≤ 0 (12)

and

∥p(k)∥1 ≥ 1 (13)

where M denotes a large positive number and

D□ =

(
Inw×nw

−Inw×nw

)

, F□ =

(
1nw×1

−1nw×1

)

, w□ =

(
wlb

□

wub
□

)

.

Equation (12) ensures compliance with the original con-

straints, distinguishing between active and inactive con-

straints, while (13) ensures that at least one constraint is

always active. This relaxation allow exclusive constraints to

be used in an Mixed-integer linear programming (MILP)

optimization problem whose sub-problems are convex.

2) Complementary exclusive constraints: We introduce

two additional complementary exclusive conditions. The

first condition helps to identify bounds that remain inactive

throughout the demonstration due to the trajectory discretiza-

tion. This is a known problem with discrete state-spaces

not solved in previous works [11]. This complementary

constraint guarantees that any unknown inactive bound,

orthogonal to an active constraint, is positioned at or beyond

the active point orthogonally. This effectively defines the

limits of movement in directions not explicitly restricted by

the observed demonstration. For each exclusive constraint,

let us define
(
elb

□

eub
□

)

= D□w□(k)− F□ ⊙ w□ , (14)

then, we construct the following complementary constraint:

λlb
□
(r)elb

□
(t) ≥ ϵ, λlb

□
(r)eub

□
(t) ≥ ϵ,

λub
□
(r)elb

□
(t) ≥ ϵ, λub

□
(r)eub

□
(t) ≥ ϵ

∀r, t ∈ [1, nw], r ̸= t

(15)

In these equations, λlb
□
(r), λub

□
(r) ⊂ λw denote Lagrange

multipliers for the lower and upper bounds of the point w□ in

dimension r, respectively, and λw is either λx or λu depend-

ing on the context. Similarly, elb
□
(t) and eub

□
(t) represent the

lower and upper bound constraints for dimension t as defined

in (14). The equations assert that for all distinct pairs (r, t),
the product of each Lagrange multiplier with its orthogonal

constraint must be greater than or equal to a small negative

value ϵ. This formulation ensures that if any bound in a

dimension is active for a point w□(k) within the trajectory,

non-active bounds in orthogonal dimensions remain within

a reasonable margin from that point.

A second additional constraint ensures that Lagrange

multipliers are nullified for constraints that are inactive,

effectively isolating non-active constraints from the l.d. ex-

pression, d.f., and c.s. conditions. Formally, this idea is

captured as:

(1− pr(k))⊙ λr(k) = 0 . (16)

The above formulation mandates that for a given dimen-

sion r and at time-step k, the value of the Lagrange multiplier

λr(k) ⊂ λw must be zero if the associated constraints are

inactive or non-binding—i.e., pr(k) = 0.
3) Constraint learning formulation: Given the estimated

cost weights Q and R according to Sec. IV-B, we identify

the set of nb
2 unknown constraints acting on the demon-

strations. Unlike to the cost learning approach outlined in

Equation (10), which omits unknown constraints, our focus

here shifts towards learning those constraints. Therefore, to

ensure p.f., we assign a ‘1’ to the elements of vectors v
p
x

and v
p
u that correspond to unknown constraints, and a ‘0’ for

those representing known constraints. We set every element

within the vectors v
s
x, vs

u, vd
x , and v

d
u to one. The revised

formulation is as follows:

min
λ̃x,k,λ̃u,k

ϑ̃d,k,ϑ̃s,ϑ̃g

∥
∥[J1,J2, . . . ,JL]

⊤
∥
∥
2

(17)

s.t. (5), (6), (7), (13), (15), and (16) satisfy, and where

Jl =

[
∂Ll

∂xl(k)
,

∂Ll

∂ul(k)
, . . .

]

,

λ̃x = [λl
x(k), . . .], λ̃u = [λl

u(k), . . .], ϑ̃d = [ϑl
d(k), . . .],

ϑ̃s = [ϑl
s(k), . . .], ϑ̃s

l
= 0 ⇐ k ̸= 0

ϑ̃g = [ϑl
g(k), . . .], ϑ̃g

l
= 0 ⇐ k ̸= Nl

∀k ∈ [1, Nl], ∀l ∈ [1, L]

The above formulation includes inequality constraints for

both states, denoted by g(x(k)), and controls, represented

as h(u(k)). These constraints are detailed according to the

definitions provided in equations (11) and (12).

The bilinear variable terms in the model are simplified

using the Matlab tools Yalmip [18]. Following this, problems

(9) and (10) are solved using semidefinite solvers, while the

problem (17) is addressed using MILP optimization solvers.

2The value of nb can be set higher if the number of unknown constraints
is not known, resulting in overlapping constraints or constraints lying within
others. The union of these constraints will provide the final constraints.
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V. EXPERIMENTS

The purpose of these experiments is to:

• study the importance of learning the cost weight in the

context of constraint learning with an unknown policy;

• evaluate the ability of the proposed method to jointly

learn both unknown cost and constraints with varying

number of demonstrations and unknown constraints;

• demonstrate how the proposed method can be used on

real trajectories in a robotic manipulation setting.

First, we will present a series of quantitative experiments

from a set of eight simulated environments with varying

number of demonstrations and unknown constraints. In sim-

ulation, we will present our full method together with an

evaluation of the proposed method to extract constraints

when faced with user-defined cost with different degrees

of error in the cost parametrization. This aims to illustrate

the implications of user-selected cost settings on constraint

learning processes and the impact of jointly learning cost and

constraints. Finally, a real manipulation task with a robotic

arm is presented.

A. Simulation experiment setting

For our simulation setting, we consider an obstacle avoid-

ance problem for a four-dimensional free-floating system,

assuming unknown cost and obstacles but with known system

dynamics, as well as velocity and acceleration constraints.

The initial and final position constraint for each demon-

stration ζl:

xl(1)− xl
s = 0, xl(Nl)− xl

g = 0 . (18)

System dynamics constraint can be represented as:

xl(k + 1) = Axl(k) +Bul(k)

A =







1 0 dt 0
0 1 0 dt
0 0 1 0
0 0 0 1






, B =







0.5 dt2 0

0 0.5 dt2

dt 0
0 dt






,

(19)

where, xl = [xl
1, x

l
2, x

l
3, x

l
4]

⊤ represents the state vector,

while ul = [ul
1, u

l
2]

⊤ denotes the control vector. Specifically,

xl
1 and xl

2 correspond to positions along the x-axis and y-

axis, respectively, whereas xl
3 and xl

4 represent velocities

in the x-axis and y-axis. Control inputs ul
1 and ul

2 are

accelerations in the x-axis and y-axis directions, respectively.

In each of the eight simulation scenarios, shown in Fig. 2,

we introduce a number of inequality constraints represent-

ing obstacles. Specifically, in each scenario we include

a different number nb of unknown axis-aligned exclusive

constraints for the positional states xl
1 and xl

2, aimed at

avoiding obstacles, as well as known inclusive constraints

for the velocity states and acceleration input xl
3 and xl

4,

which ensure the velocities and accelerations remain within

predefined bounds. In each scenario we generate L optimal

demonstrations according to a single Q and R per scenario

and the system dynamics presented above; each demonstra-

tion has a different starting and goal point.

TABLE I: Average results over eight simulated scenarios

σ Conv. % RMSE Prec. Recall F1 IoU

-0.010 37.5 0.024 0.667 0.494 0.994 0.494
-0.005 37.5 0.012 0.993 0.750 0.996 0.744
-0.001 50.0 0.002 0.750 0.744 0.996 0.744
0.000 100.0 0.000 0.994 1.000 0.997 0.994
0.001 75.0 0.002 0.869 0.875 0.997 0.869
0.005 37.5 0.012 0.565 0.500 0.994 0.494
0.010 37.5 0.024 0.391 0.250 0.987 0.244
0.020 12.5 0.047 0.391 0.247 0.983 0.242

Learned 100.0 7.13e-13 0.994 1.000 0.997 0.994

For our approach, in the context of cost learning, we

define the vectors for states as v
p
x = [0, 0, 0, 0]⊤ and

v
s
x = [0, 0, 1, 1]⊤, and for controls as v

p
u = [0, 0]⊤ and

v
s
u = [1, 1]⊤. In the case of learning constraints, we set

for states v
p
x = [1, 1, 0, 0]⊤ and v

s
x = [1, 1, 1, 1]⊤, and for

controls v
p
u = [0, 0]⊤ and v

s
u = [1, 1]⊤.

B. Influence of cost weights on the retrieved constraints

To investigate how cost impacts the constraints extractions,

we pair the method used for extracting constraints with eight

different user-defined Q, where in each alter two components

of the weight matrix Q. This modification is intended to

mimic the real-world scenario of manually adjusting the

weights, illustrating the practical challenges encountered in

the demonstrations.

Initially, for each environment tested, we create distinct

sets of cost Q and R, ensuring that Q ≥ 0, Tr(Q) = 1, and R

is strictly positive definite. Subsequently, L demonstrations

are conducted using these predetermined Q and R values.

To mimic the real-world practice of guessing weight for

the demonstrations, we introduce perturbed versions of Q,

denoted as Q̃i, generated according to:

Q̃i = diag([Q(1, 1) + σi, Q(2, 2)− σi, Q(3, 3), Q(4, 4)]),

σi ∈ {−0.01,−0.005,−0.001, 0.0, 0.001, 0.005, 0.01, 0.02}.

We then perform constraint extraction according to Sec. IV-

C. Moreover, to evaluate our proposed method, we run

the full proposed method, performing also cost extraction

according to Sec. IV-B together with constraints extraction.

Tab. I presents the average results of these tests over the

eight simulation scenario. We categorize the solution to the

problem (17) as converged (Conv.) if it identifies a feasible

solution within 10 minutes. The Root Mean Square Error

(RMSE(y, y∗)) is used to quantify the deviation between

known and perturbed costs. The vector y(Q,R) is defined

as
[
Q(1,1)
R(1,1) ,

Q(2,2)
R(2,2) ,

Q(3,3)
R(1,1) ,

Q(4,4)
R(2,2)

]⊤

, and similarly y∗(Q,R)

is formulated for the perturbed weights. This specific con-

figuration is selected because the control input along the

x-axis influences the position and velocity in the x-axis,

and likewise, the control input along the y-axis affects the

position and velocity in the y-axis. All other metrics refer to

the area of the retrieved constraints when compared with the

ground-truth constraints shown in Fig. 2. The performance

of our constraint learning method on ground-truth cost is
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Fig. 2: The environments used in the simulation experiments. Each subcaption indicates the number of unknown constraints

(nb) and demonstrations (L) for that scenario. Legend: obstacles, optimal trajectory, and learned constraints.
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(a) Demonstrations with detected outliers
and learned constraint.
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(b) Generated trajectories from the learned
cost and constraint.
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(c) Tr(Ωj) for one demonstration, showing
a failure case of outlier detection.

Fig. 3: Real manipulator experiment. Legend: collected demonstration, outlier, learned constraint, generated

trajectory, trace of normalized Qj , false positive, true positive.

indicated in light gray, while row indicated as “Learned”

denotes the results when both our constraints learning and

our cost learning methods are used3.

These results reveal the significant influence of perturbed

cost parameter Q on both convergence rates and overall

solution quality within a constraint learning framework.

Notably, when deviations in Q are confined to ±0.005,

3It is worth mentioning that some trajectories intersect the borders. This
occurs due to the sampling time used; smaller sampling times generate
trajectories closer to the boundary. In practice, constraints can be expanded
to enhance safety.

a mere 37.5% of the scenarios reach convergence. Ad-

ditionally, among these scenarios, a marked reduction in

recall to 0.75 is observed. Despite this, consistently high

F1 scores in a majority of cases indicate the efficacy of

the methodology in maintaining a balance between precision

and recall. However, precision, recall, and Intersection over

Union (IoU) metrics show a decline as the deviations in Q

widen. This pattern highlights the sensitivity of the constraint

learning process to slight alterations in specific Q parameters.

Therefore, accurately learning the unknown cost is a critical

step in our proposed method. It not only facilitates the ac-
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quisition of skills from demonstrations but also significantly

influences the constraints affecting those skills, highlighting

that accurate estimation of cost parameters is pivotal for

learning skills under constraints. The last row in Tab. I shows

that jointly learning cost and constraints closely mirrors the

known cost and constraints performance.

C. Robotic manipulation experiment

In this experiment, a user performs a set of demonstra-

tions hand-guiding a Franka Emika Panda 7-DoF robotic

manipulator holding a cup in the end effector. The task is

to drop a ball contained in the cup into a bucket. This setup

is depicted in Fig. 1. The trajectory followed during these

demonstrations is illustrated in Fig. 3a.

In these demonstrations, x1 corresponds to the displace-

ment along the y-axis, and x2 represents the angle of

rotation, within the global frame. Additionally, x3 and x4 are

associated with positional and angular velocity, respectively.

All other settings follow the free-floating system presented

in Sec. V-A.

In Fig. 3a, a high number of detected outlier can be

noted. Many of the outliers detected are false positive due

to the real demonstrations being locally suboptimal in those

spots. An example demonstration where this phenomenon

is visible is shown in Fig. 3c, where we can note how the

trace of the normalized cost is not discriminative enough to

differentiate the true outlier and the suboptimal spots (false

positives). However, even under these conditions most of

the true outliers are detected by the proposed algorithm and

ultimately the unknown constraint is detected correctly. This

is partly due to the availability of several demonstrations: the

selected inactive points are sufficient to appropriately learn

the cost and the retrieved constraint, which is shown with

a red bounding box in the Fig. 3a. Finally, the learned cost

and constraints are used to replicate the skill as shown by

the trajectories in Fig. 3b.

VI. CONCLUSION

In this work, we presented a method to jointly estimate

cost and constraints from demonstrations, lifting the reliance

of previous methods on known cost function or their fo-

cus on soft constraints alone. Moreover, our experiments

demonstrate that constraint estimation is sensitive to errors

in cost parameters, and a real-world demonstration involving

a Franka Panda manipulator performing a pouring task

validates that the method can be applied in the presence of

noisy real measurements, hinting at the practical usability of

the presented method.

However, one of the main limitations of our method was

also shown in the real experiment, where the outlier detection

step used in the cost extraction was shown to be sensitive to

regions of suboptimality in the demonstration, implying that

further work should be devoted to improve the robustness of

the detection of inactive segments. Moreover, the use of more

generic cost functions and constraints could better capture

complex tasks.

In conclusion, this work underscores the risk of user-

defined cost and the importance of accurately determining

the cost function when learning constraints. Our method

is a first step in the direction of ensuring the constraints

we learn better generalize from the given demonstrations.

Moving forward, ensuring reliable learned constraints will

be crucial for deploying robots that can safely and efficiently

execute learned skills.
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