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Actively Learning Task Constraints from Feasible
and Failed Demonstrations
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Abstract—In many autonomous control and robotic tasks,
agents must operate under constraints; however, many of these
constraints are unknown or difficult to specify explicitly. This pa-
per addresses the problem of learning unknown constraints from
demonstrations, including not only feasible demonstrations but
also failed ones, which are typically ignored by existing methods.
We propose Multiple Instance Constraint Learning (MICL), a
framework that treats feasible and failed demonstrations as bags
of states with different bag-level feasibility labels, and infers a
state-level constraint function using a constraint network with a
dedicated pooling layer. Theoretical analysis shows that MICL
can identify infeasible states with bounded errors, and thus
recover the underlying constraint function. Unlike existing works
that learn only from static datasets, we further introduce an
active learning framework that enables the agent to iteratively
refine the constraint model by querying an expert about the
feasibility of newly generated trajectories. These trajectories are
generated using either a Dynamical System or a Reinforcement
Learning policy, and selected for querying based on uncertainty-,
diversity-, or mutual-information-based scores. We validate the
proposed method in five simulated robotic tasks with different
state dimensions and constraint structures. Results show that
MICL outperforms or matches the strongest baselines in terms
of constraint accuracy and downstream policy violation rate.
The active learning framework progressively improves constraint
accuracy as more expert-labeled queries are added, and active
query strategies generally outperform random querying by se-
lecting more informative trajectories.

Impact Statement—Constraints play a fundamental role in
many autonomous-control settings, including robotics, where
safety, feasibility, and physical limitations must be respected.
However, many constraints are unknown in advance or hard to
specify explicitly, giving rise to the problem of constraint learning.
A common formulation of constraint learning assumes a known
reward function and learns only from feasible demonstrations
collected in fixed datasets, where failures are often excluded and
learning remains passive. This article contributes two comple-
mentary perspectives. First, it shows that failed demonstrations
can be systematically leveraged, together with feasible ones, to
provide informative contrast for identifying constraints. Second,
it studies how constraint learning can move beyond static datasets
by enabling agents to actively query experts and refine constraint
models based on informative feedback. Together, these perspec-
tives broaden the sources of supervision and data-acquisition
mechanisms considered in constraint learning, suggesting a route
toward more adaptive and data-efficient constraint learning for
autonomous-control systems.

Index Terms—Active learning, constraint inference, learning
from demonstration, safe motion planning
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I. INTRODUCTION

AFE operation of autonomous agents often relies on

the explicit identification and enforcement of constraints,
which specify states or actions that should be avoided to
satisfy safety, feasibility, or physical requirements [1]-[3]. In
many scenarios, however, such constraints may be unknown
or difficult to specify analytically, especially when they are
nonlinear, have unknown boundary shapes, or depend on task-
specific preferences. For example, in a robot manipulation
task, a user may implicitly expect the robot to keep different
safety margins around fragile or irregular objects, but these
margins may not be available as explicit mathematical con-
straints. Alternatively, it is possible to obtain demonstrations
from the users and discover the underlying constraints from
these demonstrations, as they inherently encode critical safety
requirements and human preferences [4]-[6].

State & o

D Feasible
D Infeasible

—

1

7??

\
=

Uncertain @ @
(1)True constraint (2) Initial demonstrations
and learned constraint
Trajectory |- |-
e 1
Feasible kY N )
\
= Failed »P? } \
=== Queried ,' 7 7
Unqueried ®< @

(3) Generate and query (4) Update demonstrations
uncertain trajectories and refine constraint

Fig. 1. A toy example of active constraint learning from feasible and
failed demonstrations in a 3 x 3 grid world. The agent starts from the
lower-left cell and aims to reach the upper-left cell. Green, red, and white
cells denote feasible, infeasible, and uncertain states, respectively. Blue and
red curves denote feasible and failed demonstrations, while dashed curves
denote candidate query trajectories. (1) The true constraint is to avoid the
two infeasible cells shown in red. (2) Initially, one feasible and one failed
demonstration are provided. From these demonstrations, the left-middle cell
can be inferred as infeasible, but the middle cell remains uncertain because it
has not been visited. (3) The agent generates candidate trajectories and queries
the expert about the feasibility of the most informative one, shown in black.
(4) The queried trajectory is labeled failed and added to the demonstration
set, allowing the learned constraint model to be refined.

Constraint inference from demonstrations has attracted in-
creasing attention recently. While most early works in the
field only learn specific types of constraints (e.g., move-in-
line constraint [7] or fixed-point constraint [8]) from a pre-
defined constraint-prototype library, recent works focus on
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learning a more general and flexible constraint function of the
states or state-action pairs [5], [9]. In this work, we focus on
learning constraints that explicitly require the agent to avoid
infeasible states (or state-action pairs) during a trajectory.
These infeasible states correspond to conditions or behaviors
that the user aims to prevent, such as collisions with unknown
obstacles or exceeding unknown velocity limits, which are
prevalent in real-world applications.

Most existing methods for learning such constraints mainly
follow inverse constrained reinforcement learning (ICRL) or
inverse optimal control (IOC) frameworks. ICRL approaches,
such as maximum entropy constraint learning [5], [10], [11],
are directly inspired by and extended from inverse reinforce-
ment learning (IRL). In contrast, [OC methods rely more on
the closed-form dynamics model and the KKT condition [9],
[12], [13]. Despite their differences, both paradigms usually
assume a known task reward and near-optimal demonstrations.
They infer constraints by comparing demonstrated behavior
with reward-maximizing alternatives. Regions frequently vis-
ited by an unconstrained reward-maximizing policy, but rarely
visited by the demonstrations, are treated as candidates for
infeasibility. In ICRL, this idea is often implemented through
a maximum-entropy framework [5], whereas IOC methods
use tools such as mixed-integer programming [4] and KKT
conditions [12].

Despite the success of existing constraint learning methods,
most of them rely primarily on feasible demonstrations that
rarely or never violate the constraints. In practice, however,
data collection may naturally produce many failed attempts
caused by violations of unknown constraints [14]. In this
paper, we use the term failed demonstrations specifically to
denote trajectories that violate unknown constraints, although
failures may have other meanings in different contexts. Such
failed demonstrations are usually discarded in constraint learn-
ing, but they can provide valuable information because they
visit infeasible states that caused the failure. Leveraging them
can therefore help identify infeasible regions more directly
than relying on feasible demonstrations alone. In tasks where
violations are not catastrophic, one may even deliberately
collect these failed data to indicate undesirable behavior.

In addition to that, most existing works are trained on a
fixed set of demonstrations and lack mechanisms for collecting
new data and continuously refining the learned constraint
models. In some tasks, however, although the demonstrator
may not be able to mathematically specify the constraints,
they are often capable of evaluating the feasibility of newly
generated trajectories. In such scenarios, an active framework
that incrementally improves the constraint model based on user
feedback is preferable. This active learning process is particu-
larly valuable when learning from failed demonstrations, since
these demonstrations might not cover the entire state space.

Fig. 1 illustrates the motivation for learning from failed
demonstrations and active constraint learning. Initial feasible
and failed demonstrations may cover only part of the state
space, leaving some regions uncertain. Instead of relying on
a fixed dataset, the agent can generate candidate trajectories,
query the expert for trajectory-level feasibility labels, and
iteratively refine the learned constraint model with the newly

labeled data.

Motivated by these observations, this paper introduces a
novel active constraint learning method to uncover constraints
from both feasible and failed demonstrations. Specifically,

1) We propose Multiple Instance Constraint Learning
(MICL), a framework that can learn constraints from both
feasible and failed demonstrations. It treats both types of
demonstrations as bags of states, where the bag feasibility
labels are known but state feasibility labels remain unknown,
and extracts the infeasible states by fitting a constraint network
with a multiple-instance pooling layer.

2) We provide a theoretical analysis under mild assumptions
showing that the proposed MICL can provably identify infeasi-
ble states with bounded errors and thus recover the underlying
constraint function.

3) We introduce an active constraint learning framework
that allows the agent to iteratively refine the constraint model
by synthesizing new trajectories and querying an expert about
its feasibility. The query is decided based on an uncertainty-
diversity score function.

4) We provide simulation validation across five constraint
learning tasks with different dimensions and constraint struc-
tures.

II. RELATED WORKS

We review the existing constraint learning methods via the
inverse constrained reinforcement learning (ICRL) approach
and the inverse optimal control (IOC) approach, respectively.

The initial ICRL framework was proposed by [15], who
modeled the constraint learning problem through maximum
likelihood inference. In their formulation, feasible trajectories
are assigned a likelihood proportional to the exponential
returns, whereas failed trajectories are given zero likelihood.
They further introduced a greedy algorithm designed to incre-
mentally add the minimal number of infeasible states required
to maximize the demonstration likelihood. Building upon this
foundation, [16] and [17] extended the maximum likelihood
approach to stochastic environments by incorporating soft
or probabilistic constraints. [10] proposes to learn a neural
network policy via deep RL and to identify discrete infeasible
states with the policy network. Nevertheless, the aforemen-
tioned methods all rely on a predefined finite constraint set. To
overcome this limitation and enable learning of a more flexible
constraint function, [5] introduced the Maximum Entropy
Constraint Learning (MECL) framework, which jointly trains
a policy network and a constraint network. The constraint
network is optimized by performing gradient ascent on the
maximum likelihood objective. Later, [11] proposes a vari-
ational approach to infer the distribution of the constraint,
which captures its epistemic uncertainty. This is followed by
an improved work that simultaneously handles both aleatoric
and epistemic uncertainty via flow-based generative data aug-
mentation [18]. More recently, researchers have also explored
learning with offline data [19], confidence-aware objectives
[20], and soft constraints [21].

IOC approaches are initially built on the intuition that any
trajectory yielding a higher reward than the demonstrated ones
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must be restricted by some unknown constraint; otherwise, the
demonstrator could have followed it. In [4], the authors employ
hit-and-run sampling to generate such higher-reward trajecto-
ries and formulate an integer programming problem to identify
infeasible states in a grid world setting. This framework was
later extended to continuous state spaces, where constraints are
modeled as combinations of axis-aligned boxes through unions
and intersections [12]. While the previous two methods are
model-free, the same group further proposed IOC methods that
exploit known environmental models and leverage the KKT
optimality conditions to recover either parametric constraint
representations [12] or non-parametric constraints modeled via
Gaussian Processes [9].

Despite the success of the aforementioned works, none of
them explicitly learns constraints from failed demonstrations.
Although some methods that learn soft constraints are compat-
ible with partially failed demonstrations [16], [21], they only
treat these demonstrations as noisy data that are processed in
a robust manner.

Besides, most of the existing methods assume that train-
ing takes place on a pre-collected, fixed demonstration set
and offer no guidance for acquiring new data to refine the
constraint model. The two exceptions are [20] and [22].
However, [20] only defines a metric to decide whether the
current demonstration set is sufficient for training a high-
confidence model, without addressing how to collect the new
demonstrations. [22] is the only work that explores active
constraint learning. However, it queries the expert on the
feasibility of individual state-action pairs, whereas our work
queries the expert on the feasibility of entire trajectories, which
is more practical but more challenging.

Finally, active preference-based reward learning is also
related to our work in its use of human feedback and ac-
tive query selection. These methods typically query pairwise
preferences between two trajectories or trajectory segments
and use the feedback to infer an underlying reward func-
tion [23], [24]. Some works further study batch query gen-
eration or uncertainty-based exploration to improve feedback
efficiency [25], [26]. However, the feedback format is also
different: preference-based reward learning usually queries rel-
ative preferences between two trajectory segments, while our
framework queries a binary feasible/failed label for a single
trajectory and uses such trajectory-level labels to recover state-
level constraints.

III. PROBLEM FORMULATION

Preliminary. We consider a finite-horizon deterministic
Markov decision process (MDP) [27], where the states and
actions are denoted by s € § and a € A.  denotes the
discount factor, and the real-valued reward is denoted by
r(s,a). A trajectory 7 = {(s1,a1),...,(sT,ar)} contains
a sequence of state-action pairs in one episode. For the
trajectory 7, the total discounted reward (return) is defined
as r(r) = Zthl vir(se, ar). A policy, the mapping between
states and actions, is denoted by a = 7(s).

In this study, we focus on learning Markovian state—action
constraints that prohibit the agent from visiting infeasible

states or actions throughout a trajectory. Mathematically, we
denote the true constraint set by C* = {(s,a) € S x
A|(s,a)is truly infeasible}. Thus, the true constraint is written
as (s,a) ¢ C*. This definition implicitly assumes that the
studied constraint is time-independent and deterministic. In
addition to the unknown constraints, some known constraints
could also be present in the task, e.g., goal state constraints and
system dynamics constraints. For simplicity of explanation, we
assume all demonstrations satisfy the known constraints, since
those that violate the known constraints can be discarded.

To simplify the notation and allow for more flexibility, we
introduce a feature state § = 1(s,a) as the input to the
constraint function, where (s,a) is a user-defined feature
function that can be customized to incorporate prior knowledge
about the constraint structure. For example, if the constraint
is known to depend solely on the state (or actions), one could
define ¥ (s, a) = s (or a). Readers should keep in mind that, in
the following sections, we use the feature state 5 as shorthand
for 9(s,a) and often simply refer to it as the state.

Correspondingly, we denote the ground-truth feasibility of
5 as y(5) € {0,1} (1 = feasible). Here, feasibility refers to
aggregate feasibility with respect to all unknown constraints:
if multiple semantic constraints are present, s is feasible only
when all of them are satisfied, and is infeasible if any one of
them is violated. We approximate the true feasibility with a
constraint network (g(5) € [0,1], parameterized by 6. (p(5)
induces a binary feasibility prediction g(5) = 1[(p(5) > d]
and a learned constraint set Cy = {(s,a)|y(5) = 0}, with
d = 0.5 as the decision threshold.

Demonstrations and Expert Availability. Our method
assumes access to both a feasible demonstration set and a
failed demonstration set, which are obtained and labeled by a
human expert before training. The feasible demonstration set
D={m iV:dl comprises feasible trajectories that always satisfy
the unknown constraints, i.e., V(s,a) € 7 € D, (s,a) ¢ C*.
Likewise, the failed demonstration set F = {r;},./; comprises
failed trajectories where each trajectory has violated the con-
straint at least once, i.e., V7 € F,3(s,a) € 7,(s,a) € C*.

Our method does not assume that the demonstrations are op-
timal. Moreover, for non-active learning settings, our approach
does not rely on access to a known reward function. These two
aspects constitute key advantages of our method. However, in
practice, if the number of demonstrations is limited and the
covered state space is small, we expect both feasible and failed
demonstrations to aim at accomplishing the same task, with
their distinction lying primarily in whether the constraints are
violated.

To enable active learning, we require that an expert is
available during learning, allowing the agent to repeatedly
present uncertain trajectories 7, to the expert for feasibility
labeling. The labeled trajectories will be incorporated into the
feasible/failed demonstration set accordingly and utilized in
subsequent training. It is worth noting that a related work [22]
also studies active constraint learning, but proposes querying
the feasibility of individual state-action pairs, instead of a
whole trajectory. In contrast, we argue that it is more natural
to ask the expert to evaluate a whole trajectory, since most
real-world tasks are accomplished and evaluated at a trajectory
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level. Compared with a state-level label, a trajectory-level label
is a much weaker supervision and thus presents a greater
challenge for learning.

IV. LEARNING CONSTRAINTS FROM FEASIBLE AND
FAILED DEMONSTRATIONS
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Fig. 2. The forward prediction of the proposed multiple instance constraint
learning method. The same constraint network takes each state 5 from a given
trajectory 7 as input, and outputs its corresponding state feasibility prediction
¢(3). These state-level predictions are then aggregated using a MIL pooling
layer to produce a final trajectory-level feasibility prediction Z (7).

A. Method: Multiple Instance Constraint Learning

We aim to extract infeasible states from the feasible demon-
strations D and failed demonstrations F. Although we are
certain that any failed demonstration must have visited some
infeasible states, it remains unclear which specific states within
the trajectory are infeasible. In contrast, all states from feasible
demonstrations are guaranteed to be truly feasible. Our objec-
tive is to train a constraint function using these two datasets
to classify each state as either feasible or infeasible. However,
the available trajectory-level labels cannot be directly utilized
by standard classification tools.

To tackle this problem, we draw inspiration from Multiple
Instance Learning (MIL) and propose a Multiple Instance
Constraint Learning (MICL) method. MIL is a machine learn-
ing paradigm, where training instances are arranged in sets,
usually called bags, and only bag-level labels are available
during training while instance-level labels are absent [28],
[29]. The MIL setting closely resembles constraint learning,
where we only have a trajectory-level label (feasible/failed) of
demonstrations but lack state-level labels of each state from
the demonstrations. We aim to train a state-level constraint
function given only trajectory-level labels.

To achieve this, our MICL creates a networked constraint
model composed of a fully connected network (FNN) and
an MIL pooling layer, as illustrated in Fig. 2. The FNN,
parameterized with 6, takes each state s from a trajectory 7 as
input, and outputs its corresponding feasible probability (4 (3).
During training, since only trajectory-level labels are available,
we treat the state feasible probability ((S) as a latent variable
and introduce an additional MIL pooling layer to aggregate

all ¢(5) into a trajectory-level feasibility prediction, denoted as
Z (7). The true feasibility labels of feasible demonstrations are
set to 1, and those of failed demonstrations are 0. The network
is trained by minimizing the binary cross-entropy loss between
the prediction Z(7) and the corresponding ground-truth labels.
The gradient of the loss is shown in (1). During inference, one
can obtain the feasible probability of a given state 5 solely via
FNN, omitting the pooling layer. The threshold for the state
being feasible is always set to be 0.5.

VoL(0) = —E,pur|l[r € D] Vylog Z(r)

+1[r € F]VOlog(l — Z(1))]. M

The design of the MIL pooling layer plays a critical role in
constraint learning. In this work, we adopt the Log-sum-exp
(LSE) pooling, which offers a flexible and smoother training
process.

Z(t)y=1—-wlog ﬁ Z
-

(s,a)eT

exp (1@(5)> 2

w

where w in LSE is a parameter controlling the smoothness of
the function. The MIL pooling layer acts as a (soft) minimum
layer. It aligns with our constraint learning setting: if the feasi-
ble probability of at least one state s from a trajectory 7 is low,
the feasible probability of that trajectory should be low. The
tunable parameter w actually plays the role of regularization
and enables the user to control the tightness of the constraint
network. A small w approximates the minimization better, and
thus a failed demonstration only needs to have one infeasible
state. This encourages the network to predict fewer infeasible
states. Based on our tuning experience , setting w within the
range of 0.05 to 0.5 yields decent performance across different
tasks. A sensitivity analysis on w is later provided in section
VI-A.

The above formulation can also handle tasks with multiple
unknown constraints. In such cases, (y(5) should be inter-
preted as an aggregate feasibility function: a state is feasible
only if all unknown constraints are satisfied, and becomes
infeasible once any one of them is violated.

The MICL framework thus provides a unified way to extract
state-level constraints from feasible and failed demonstrations.
Despite its simple yet principled formulation, it is important
to theoretically justify why MICL is indeed effective for
constraint learning. Therefore, in the following subsection, we
establish the learnability of MICL under assumptions tailored
to the constraint learning setting, showing that the proposed
framework can recover the underlying constraint with bounded
errors.

B. Learnability Analysis

There is a substantial body of theory analyzing learnability
in the multiple instance learning setting. Classical results
include VC-dimension analyses [30], latent model formula-
tions [31], and margin-based bounds [30]. However, most of
these works study only bag-level learnability, i.e., whether one
can correctly predict the label of an entire bag (corresponding
to a trajectory) after training.
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In contrast, the constraint learning problem requires not only
accurate prediction of a trajectory’s feasibility but also the
identification of the feasibility of each state on that trajectory.
A handful of works on MIL [31], [32] have analyzed instance-
level (state-level) learnability, but these analyzes typically
assume that instances within the same bag are drawn i.i.d. from
a single underlying distribution. This assumption may be valid
in some domains but fails for constraint learning, where each
bag (trajectory) is a temporally correlated sequence of states
rather than an i.i.d. sample set. In our case, if one trajectory
has visited one infeasible state, it is more likely to visit more in
the future, since the infeasible states are usually concentrated
and close to each other.

Building on these insights, we first establish the trajectory-
level learnability using VC-dimension theories and then derive
a novel form of state-level learnability under assumptions that
reflect the temporal and structural nature of constraint learning.

Trajectory-level Learnability. Let . denote the hypoth-
esis class of state-level constraint function § : § — {0, 1}, with
VC dimension d,. In practice, §(5) is output by our neural
network constraint model ¢ with 3(5) = 1[¢(5) > 0.5]. Let
Hiaj denote the hypothesis class of trajectory-level constraint
functions ¢ : 7 — {0, 1}, where g(7) is induced by aggregat-
ing state-level outputs through a pooling function Z:

Z(1)=Z({(s1)s---.¢(s7)), T < Thax, 3)
y(t) = 1[Z(7) > 0.5] @)

where Z is one of the pooling functions defined in (2), Tinax
is the maximum trajectory length in the dataset and §(7) is the
feasibility prediction. Denoting y(7) € {0,1} as the ground-
truth feasibility label of trajectory 7, the trajectory-level error
of the predictor §(7) is defined as

Ewi(Z) = Pr [5(r) # y(7)], )

where I is the underlying distribution from which both suc-
cessful and failed demonstrations are drawn. Correspondingly,
the empirical risk is defined on the given demonstration sets

as
Y I £y,

TEDUF

Lemma 1 (Aggregated VC-dimension [30]). If the state-level

hypothesis class Hgae has VC dimension d,, then for any

monotone pooling function Z aggregating up to Ty.x States,

the induced trajectory-level class satisfies

VC(Hiraj) = O(dy10g Tinax)- (7

Remarks. This lemma is a direct application of MIL results
[30] into the constraint learning context. Intuitively, although
trajectories can contain up to 7}, states, the complexity only
grows logarithmically with T, relative to the state-level
class.

1

Ara' Z) =

(6)

Corollary 1 (Trajectory-level learnability). For any ¢ € (0,1)
and n independent trajectories, the empirical risk minimizer

Z = arg minzey,, Ewaj(Z) satisfies, with probability at least
1-4,

Eng(Z) <

inf &7 )+O<V d“(’ng““;z“(’g“/‘”). (®)

AS: o

Remarks. This bound is obtained by taking 1 into the
standard VC generalization model [33] assuming exact em-
pirical risk minimization with respect to the 0-1 loss. In
practice, our algorithm minimizes a surrogate loss (cross-
entropy) via gradient-based optimization. Since cross-entropy
is classification-calibrated [34], minimizing surrogate risk
guarantees consistency with respect to the 0-1 loss. Therefore,
our MICL algorithm inherits the learnability guarantee of
the hypothesis class, up to an additional optimization error
term that accounts for approximation and optimization gaps.
This establishes that our constraint learning method is PAC-
learnable at the trajectory level, with sample complexity de-
pending logarithmically on 7i,ax.

State-level Learnability. We now establish state-level
learnability by relating trajectory-level errors to state-level
errors. Two types of state-level errors are discussed separately:
false feasible (FF, a truly infeasible state predicted feasible)
and false infeasible (F1, a truly feasible state predicted infea-
sible).

1) FF error: The expected state-level false feasible (FF)
error is formally defined as

Eime = Pr[9(5) = 1] y(5) = 0], 9)

where §(3) is the state prediction (1 = feasible), and y(3) is
the ground-truth feasibility. We also introduce the expected
trajectory-level FF rate:

€y = Pr[§(7) = 1] y(r) =0]. (10)
For any truly infeasible trajectory 7, denote
K,={s5e7|y(5) =0} and M =max|K,. (1)

That is, K, is the set of all infeasible states in 7 and M
is a maximum number of infeasible states that appear in
any infeasible trajectory drawn from T'. In practice, |K,| is
typically much smaller than the trajectory length, but we
use the upper bound M for analytical convenience. For an
infeasible trajectory 7, define per-state FF rate ¢s, -

Q5. r = Pr[y(gt) =1 | T}a Vs € K, (12)
and the average FF rate (jT
G = > s (13)

|KT| sieK,

Assumption 1 (Bounded heterogeneity of per-state FF errors).
For each truly infeasible trajectory T, there exists p € (0,1]
such that

min gz > pqr. (14)

seEK,

Remarks. This assumption indicates that the FF error rate of
any infeasible state within a trajectory cannot be significantly
lower than the average trajectory FF rate. Intuitively, this
means the state FF error can happen everywhere, rather than
only on a small subset of states. It is notable that the strength
of this effect also relies on p, a task-specific coefficient. Larger
values of p indicate stronger assumption and will yield tighter
bounds, while smaller values result in looser bounds.
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Assumption 2 (Positive correlation of FF errors). For each
truly infeasible trajectory T, there exists o > 1 such that

Pr( {05 =1} 17) 2 [T asr

s€K, s€K,

15)

Remarks. This assumption indicates that FF errors tend
to co-occur, i.e., the probability that all infeasible states are
simultaneously misclassified (left-hand side) is larger than the
product of the individual FF rate (right-hand side). This is
reasonable in constraint learning because infeasible states are
often spatially concentrated—for example, all states inside an
obstacle—so their classification errors tend to co-occur. The
strength of this correlation is quantified by a task-specific
coefficient o > 1: larger values correspond to a stronger co-
occurrence of FF errors and will yield tighter bounds, while
lower values yield looser bounds. The special case @ = 1
recovers independence between state-level errors.

Theorem 1 (State-level learnability). Under Assumptions I

and 2, the trajectory-level false-feasible rate 855 is lower-

bounded by the state-level false-feasible rate EIT. as

State

err \ MM
Eiae < \ g7 | - (16)
Proof: See Appendix A. ]

Remarks 1. This theorem establishes a quantitative link
between trajectory-level and state-level FF errors. It shows that
the state-level FF rate decays polynomially with the trajectory-
level rate, with exponent 1/M governed by the maximum
number of infeasible states per trajectory. A larger p (more
uniform per-state errors) and a larger a (stronger positive
correlation) both lead to a tighter state-level guarantee.

Remarks 2. Taking (16) into the trajectory-level error bound,
we will immediately have an error bound for the state-level
FF error bound. But note that the trajectory-level FF rate 55;
is defined over infeasible trajectories, whereas &, in (8) is
averaged over all trajectories. Although the PAC bound in (8)
formally applies to the full distribution, the conditional subset
of infeasible trajectories follows the same hypothesis class
Hiraj and thus exhibits the same asymptotic generalization be-
havior, up to the sampling proportion of infeasible trajectories.

2) FI error: Unfortunately, unlike the FF error, the state-
level FI rate &5, = Pr[g(5) = 0 | y(5) = 1] cannot be
bounded by the trajectory-level error. To see this, one can
consider an extreme case. Even if the trajectory classifier
achieves perfect accuracy (i.e., &y = 0), the state-level FI
error may still be large: a truly infeasible trajectory may
contain many feasible states that are misclassified as infeasible,
which does not cause trajectory-level error but increases the
state-level FI rate. Therefore, state-level FI error bound cannot
be obtained without additional strong structural assumptions.

Discussions. The above analysis establishes PAC-
learnability at the state level for false feasible errors but
not for false infeasible ones. This limitation is, however,
acceptable in the context of constraint learning: the primary
goal of the constraint model is to identify infeasible regions
reliably. As long as infeasible states are learnable in the
PAC sense, the resulting policy is less likely to violate true

constraints, although it might become overly conservative due
to unbounded FI errors. As for the trajectory-level learnability,
our method guarantees the feasibility is learnable for both FF
and FI errors.

V. ACTIVE REFINEMENT OF CONSTRAINTS

Building upon the MICL formulation, we now introduce an
active constraint learning framework in which the agent can
iteratively refine the constraint model by querying the expert
about the feasibility of selected trajectories.

A. Framework Overview

The overall framework of the proposed active constraint
learning process is illustrated in Fig. 3. After initial training
with a given set of feasible and failed demonstrations, the
agent proceeds as follows in each iteration: it first generates
a candidate trajectory set 7 by rolling out trajectories from
random starting points. Then, based on a query score function
Q(7), which evaluates the informativeness of each trajectory
(e.g., using uncertainty and diversity), the agent selects the top
N, trajectories for expert labeling. Each queried trajectory is
presented to the expert I labeled as feasible or infeasible, and
appended to the corresponding demonstration set D or F. The
constraint network is subsequently updated with the expanded
dataset. This process repeats until a stopping condition is met,
such as reaching a maximum number of iterations or when the
user deems recent query results satisfactory. The pseudocode
of the proposed algorithm is attached below. A computational
complexity analysis is also attached in the Appendix C.

Algorithm 1 Active Constraint Learning From Feasible and
Failed Demonstrations
1: input: Feasible demonstration set D, failed demonstration
set F, randomly initialized constraint network (y
2: Train the constraint network (y with two initial demon-
stration sets
3: repeat
Update the policy m based on the current constraint
network (p, using either the modulated DS or RL
5. Sample N, candidate trajectories using the updated
policy 7 and compute their query scores
6:  Select the top N, trajectories with the highest query
scores and query the expert for their feasibility
7:  Append the newly labeled trajectories to the demonstra-
tion set D or F according to the expert labels
8:  Update the constraint (y with the updated demonstration
sets
9: until reach maximum iterations

In the following two subsections, we first elaborate on the
query strategy for picking queries from the candidates 7 and
discuss the candidate trajectory generation approach.

'If constraint violations do not lead to dangers, the trajectory can be
executed and played directly on the real-world agent; otherwise, it is executed
in simulation.
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B. Query Scoring and Selection

A common active-learning strategy is to query samples that
are most informative under the current model [35]. In our
setting, each query is a trajectory and the expert provides only
a trajectory-level feasible/failed label. We therefore define a
trajectory-level informativeness score U(7), and compare three
query strategies.

1) Temperature-Scaled Entropy [36]: This strategy mea-
sures predictive uncertainty through the entropy after temper-
ature scaling. For a state 5, the scaled feasible probability is

() - ePEE)T)

exp(20(8)/T) + exp(21(5)/T)’
where z;(5) is the logit of class ¢, and T is the temperature.
The state-level uncertainty is the binary entropy of {7 (5), and
U(7) is obtained by averaging it over the trajectory.

2) Monte Carlo Dropout [37]: This strategy treats a
dropout network as an approximate Bayesian model. During
query selection, dropout is kept active and M stochastic
forward passes are performed. Let 6,, denote the effective
network parameters induced by the m-th dropout mask, and
let (g, (5) be the corresponding state-level feasible probability.
The strategy denoted as Dropout scores a trajectory by the
average predictive variance across dropout samples:

a7

1
UDropout(T) = m Z Va“rv{\n/lzl[cem (§)] . (18)
(s,a)eT
3) Bayesian Active Learning by Disagreement

(BALD) [38]: BALD follows the same MC-dropout
stochastic predictions, but replaces predictive variance with
a mutual-information score. For a candidate trajectory 7, let
pm(T) be the trajectory-level feasible probability obtained
from the m-th stochastic dropout forward pass after applying
the MICL pooling layer to {(p,, (5)}(s,a)e-- We define the
mean predictive probability as p(7) = 4 Zi{:l Pm (7). The
BALD score is

M
UpaLp(7) = H(p(T)) — % > H(pm(r),  (19)
m=1

where H(p) = —plogp — (1 — p)log(1 — p) is the binary
entropy. This score favors trajectories on which different
dropout posterior samples disagree.

We also include a diversity score to encourage exploration
of data-sparse regions. For a state s, the diversity score is

=2 Y

5'€kNN(5,DUF)

dis(5,5), (20)
where kNN (5, D U F) denotes the k-nearest neighbors of §
in the feasible and failed demonstration sets, and dis(3, ') is
the distance metric. In the experiments, we set k = 3 and use
Euclidean distance. The trajectory-level diversity score is

1
D(r)=—= >_ d(). (21)
|T| (s,a)eT
The final query score is
Q(r) = U(7) + waD(7), (22)

where wg is the diversity weight. In each active learning
iteration, the top IV, trajectories with the highest scores are
queried and then added to the training set with expert-provided
trajectory-level labels.

Multiple-instance

. . nstrain
constraint learning Constraint

network

Updated
dataset

/ Dataset update

Generate query
candidate trajectori

Feasible
demonstrations

Failed
demonstrations

labels feasibility

Query highest-
scored trajectories

Feasibility-labeled
trajectories

Fig. 3. The framework of the proposed active constraint learning method.The
constraint network is first trained with the initial demonstration sets. Next,
in each following iteration, the algorithm generates Ng query candidate
trajectories from random starting points near the demonstrations, and query
top Ny trajectories with the highest scores Q(7). The queried trajectory,
after being labeled by the expert, will be appended to either the feasible
demonstration set D or the failed demonstration set F accordingly. The
constraint model will be refined with the updated dataset. The algorithm stops
when reaching some maximum iterations or when the user is satisfied with
recent queried trajectories.

C. Query Candidate Trajectory Generation

Previous section discusses about picking the most infor-
mative trajectories from a given candidate trajectory set 7.
This section focuses on the generation of such a trajectory
set. Generally speaking, these trajectories are expected to
perform the same task as in both demonstrations. Depending
on whether a reward function is known, one can either use an
imitation learning (IL) approach or an RL approach to generate
these trajectories.

The IL approaches directly fit a policy model from demon-
strations and does not require a known reward function.
However, while the policy fitted from the demonstrations
may be feasible, they do not explicitly model the underlying
constraints. Therefore, the learned policy may not consistently
satisfy them during deployment [5], [11]. Moreover, IL poli-
cies are often task-specific and cannot be directly adapted
to new tasks with different goals but the same constraints,
whereas an explicitly learned constraint model can generalize
across such tasks [5], [11].

While our MICL method and active learning framework
are compatible with most IL methods, this work specifically
considers a Dynamical System (DS) policy [39], which is
widely used in robotics application. DS policy is a Gaussian
Mixture Regression model fitted from feasible demonstrations
with additional stability conditions. The learned DS can be
further modulated by multiplying a rotation matrix to exhibit
constraint-compliant behaviors.

Dynamical System Policy: DS initially fits an uncon-
strained nominal policy and later modulates nominal policy
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with the constraint network. The nominal dynamical system
policy is represented as (23), where s, is the goal state and
matrix A(s) is a Gaussian Mixture Regression model learned
from feasible demonstrations and preserves stability, following
the Linear Parameter Varying Dynamical System (LPVDS)
method [40]. Alternatively, for task of reaching a goal in the
shortest path, a linear DS A(s) = I is directly applicable
without fitting.

T(s) =5 = A(s)(s — sg) (23)

In each iteration, we generate the candidate trajectory set 7
using a modulated DS, rather than the nominal DS. Given
a constraint network (y(s), the modulated DS is a constraint-
compliant policy obtained by applying a rotation matrix M (s)
on the nominal DS [41]:

7(s) = M(s)ma(s),
M(s) = E(s)D(s)E~(s),

where

E(s) = [r(s), ex(s), e2(s), ..en-1(s)],

n(s) = ( ),n(s) Lex(s) Lea(s) Loven1(s) (o4
D(s )—dmg[h 5), A2(8), Az(8)-.., An(s)),

Ms)=1- ﬁ,xgygr,_,n(s) —1+ ﬁ

['(s) =14+ 10x*(¢(s) —0.5),for ¢(s) > 0.5

where n(s) is the normal vector to the constraint boundary,
ei(s) are the corresponding tangent vectors, 7(s) is the vector
towards a reference point inside the obstacle, \;(s) modifies
the velocity along different directions, and I'(s) specifies the
relative distance of current state s to the constraint boundary.
The modulated DS is defined only on learned feasible region
where ((s) > 0.5. For any feasible state s close to the
learned constraint boundary, I'(s) approaches 1 and \;(s)
approaches 0. Since A (s) scales the velocity component along
the first basis direction r(s), the modulation suppresses motion
along r(s), which points toward the infeasible region, while
preserving motion along the remaining basis directions.

The modulated DS guarantees that all generated trajectories
satisfy the learned constraints [39]. Additionally, if the true
constraint is a star-shaped obstacle and the nominal policy
is linear, the modulated policy also remains globally stable
[41]. These benefits make the modulated DS more reliable if
deployed in the real world. In each iteration, we generate the
query candidate set from the modulated DS rather than the
nominal DS.

Reinforcement Learning Policy: If the reward function
is available, one can train an RL policy to generate query
candidate trajectories. The RL policy is a fully-connected
network trained by optimizing the reward function while
satisfying the learned constraint. To achieve this, we adopt
a straightforward penalty method [42] for constrained policy
optimization. As shown in (25), we reshape the original reward
by incorporating a penalty term proportional to the constraint
violation into the reward function, discouraging the policy
from visiting infeasible states. Here, w),, is a penalty weight.
The RL policy is learned with the reshaped reward using the
standard PPO algorithm [43].

=r(s,a) where

co(s,a) = {?

Readers familiar with ICRL methods may notice that active
constraint learning with an RL policy resembles the structure
of many ICRL approaches [5]. However, a key difference
is that our method does not assume the demonstrations are
optimal. Consequently, we cannot rely on the reward signal to
infer constraint satisfaction and must instead infer feasibility
purely from the expert-provided labels.

- wpcé)(S? CL),
if (p(5) > 0.5 (feasible)
if ¢p(5) < 0.5 (infeasible)

(25)

VI. EXPERIMENT

The experimental section consists of two parts. The first part
studies the performance of the proposed MICL for learning
from fixed demonstration sets without active learning (Section
IV), and second part subsequently verifies the active learning
framework with expert’s feedback (Section V). All code and
datasets are available at https://github.com/epfl-lasa/Actively_
Learning_Constraints_from_Failed_Demonstrations.

A. Constraint Learning from Fixed Demonstration sets

Baselines: Five constraint learning methods are compared
here: (1) MICL (ours); (2) BC (Binary Classification
[11]), a straightforward method that simply takes all states
from feasible demonstrations as feasible data, and all states
from failed demonstrations as infeasible to train a binary
classification network with standard cross entropy loss. (3)
MECL2 (Maximum Entropy Constraint Learning [5] with
adaptation). The original MECL is popular ICRL method
capable of learning constraint networks, but it is specifically
designed to learn from solely feasible demonstrations. To
enable learning from failed data, we modify its gradient update
of the constraint network as follows:

VoL(0) =Erop [E(saymr [Volog (o(3)]]
—Eror [Egs.ayr [Volog ¢o(3)]]

This adapted gradient is based on Equation (7) of [5]. (4) CT
(Constraint Transformer [44]). CT is a recent transformer-
based constraint learning method. The original CT framework
assumes access to a known reward function, maintains a
world model, and performs iterative policy-constraint updates.
Since these components are unavailable in our fixed-dataset
setting, we extract only the constraint transformer module from
the authors’ open-source implementation, and train constraint
non-iteratively on our fixed feasible/failed datasets. (5) DCT
(Decoupled Constraint Transformer). DCT is a variant of
CT that keeps the transformer module to assign trajectory-level
importance weights to states, but uses a separate point-wise
MLP head as the constraint function that outputs state-level
feasibility prediction.

A list of important hyperparameters of our method in all
tasks is given in Table I in Appendix B. For the neural network
architectures, the number of hidden units in each layer is
mentioned. The hidden activation functions in all networks are
Leaky ReLU. The output activation function of the constraint

(26)
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network is the sigmoid function, whereas that of the policy and
value network is tanh. All baselines adopt identical network
architecture except for CT and DCT.

Metrics: During evaluation we introduce two metrics: 1) the
IoU (the intersection over union) index, which measures the
correctness of the learned constraints. We uniformly sample
points in the state space, and compute IoU as (Number of
points which are both predicted to be infeasible and truly
infeasible) divided by (Number of points either predicted to
be infeasible or truly infeasible); a higher IoU indicates a
more accurate constraint. 2) the constraint violation rate, the
per-step true constraint violation rate of the policy learned
(or modulated) from the learned constraint. In general, a
lower violation rate indicates a more accurate constraint. It
is noteworthy that the two metrics assess constraint learning
from different perspectives, and a low IoU does not necessarily
imply a high violation rate. For instance, a constraint network
that naively classifies most states—including many feasible
ones—as infeasible may have a low IoU but still result in a
very low violation rate.

Tasks: Five constraint learning tasks are studied.

1) 2D Reaching: a toy goal-reaching task in 2D position
space, where a point robot is initialized randomly and tasked
to reach a goal state while staying away from an unknown
irregular obstacle composed of two ellipses as shown in Fig.
4. The control variables are 2D velocities. The demonstration
sets, visualized in Fig. 4, consist of 11 feasible demonstrations
and 3 failed demonstrations, both generated using DS policy.

feasible demonstrations
= = = failed demonstrations
true constraint
—— learned constraint

y
0.0 0.3 0.6 0.9 1.2 15

Fig. 4. True constraint and an example of learned constraint with the proposed
method of the 2D reaching task. The two white ellipses represent the boundary
of the true constraint. The heat map is a visualization of the learned constraint
Cp, where the red region of ¢ = O represents infeasibility, while the blue
regions of ( = 1 indicate feasibility. The feasible and failed demonstrations
are shown in green and red dotted lines, respectively.

2) GlassAvoid: This task considers a fragile glass avoidance
scenario in Fig. 5, where a robot arm moves a heavy object to
a fixed target near four fragile glass cups. For safety, the end-
effector’s center of mass must remain outside four cylindrical
regions surrounding the glasses. The state consists of the 3D
end-effector position, the controls are the corresponding ve-
locities. Failed trajectories may pass over the glasses, creating
a safety risk.

Although the true unsafe regions are composed of cylinders,
this geometry is not given to the agent and must be inferred

from demonstrations. This makes the setting more challenging
than studies such as [13], which assume known obstacle
geometry and infer only a few geometric parameters.

Start Goal
Failed demonstrations

Feasible demonstrations
. True infeasible region

Fig. 5. Visualization of the GlassAvoid task. The robot end-effector is
required to reach the target while avoiding the unknown infeasible regions
around the glass cups. A demonstration is feasible if it reaches the goal without
entering any infeasible region, and failed if it enters at least one infeasible
region. Green and red trajectories show feasible and failed demonstrations,
respectively. The translucent red cylinders show the ground-truth infeasible
regions for visualization only.

The dataset contains 30 feasible and 20 failed demonstra-
tions. Feasible demonstrations are generated by a DS policy
modulated with the true constraints, while failed demonstra-
tions are generated by a linear unmodulated DS policy. The
failed demonstrations cover only a limited part of the state
space, constraint recovery is not expected to be perfect, leaving
room for the active constraint learning approach introduced in
the next section.

3) SphereSpeed: Unlike the previous tasks with purely
geometric position constraints, SphereSpeed requires learning
position, speed magnitude, and speed-direction constraints
simultaneously. The end-effector moves inside a spherical
workspace whose center is the origin. The constraint network
takes the augmented feature vector § = (x,y,z,7,v,a) as
input, where p = (z,y, z) is the current position, r = ||p||, v
is the speed magnitude, and « is the cosine alignment between
the speed direction and the inward radial direction.

The position constraint requires the current state to remain
inside a sphere, r < 0.13. The speed constraint is position de-

pendent: v < 0.65+0.45 clip (%, 0, 1). A radius-dependent
speed direction constraint is also present. For < 0.09, the ve-
locity direction is unrestricted. For 0.09 < r < 0.13, outward
motion is increasingly restricted, with the maximum allowed
angle from the inward radial direction linearly decreasing to
150° at the boundary.

To collect feasible demonstrations that explore within the
sphere, we use a temporally smoothed random-walk policy
equipped with a projection-based safety filter > to generate
100 feasible demonstrations. We then remove this safety filter
and use the same random-walk policy to generate 100 failed
demonstrations.

2The safety filter projects each sampled velocity command back into the
feasible set via constrained optimization when it would otherwise violate the
constraint.

Authorized licensed use limited to: EPFL LAUSANNE. Downloaded on October 26,2026 at 09:32:22 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Artificial Intelligence. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TAI.2026.3731354

IEEE TRANSACTIONS ON ARTIFICIAL INTELLIGENCE. PREPRINT VERSION. ACCEPTED AUGUST, 2026

loU - 2D Reaching loU - SphereSpeed

loU - SurfacePose loU - HalfCheetah

08l — e ———
—— - oo —— _ .
s % 06 == o ——— .
- < =
044 0.4
=
- . _
MICL(ours) BC  MECL2  CT DCT MICL(ours) BC ~ MECL2  CT DCT MICL(ours) BC ~ MECL2  CT DCT MICL(ours) BC ~ MECL2  CT DCT
loU - GlassAvoid 10 Violation Rate - SphereSpeed 07 Violation Rate - SurfacePose os Violation Rate - HalfCheetah
— 09 0.6
0.8 ) 0.4
0.44 0.7 0.54
o " —— 0 i@
0.5
1 = 0.4 0.3 % 0.2
0.2 % [—— o1 ) ool
0.2 —— 014 . 0.1
00/ 011 | == M == — .

0.0 '
MICL(ours) BC MECL2 cT DCT MICL(ours) BC MECL2 cT DCT

0.0 0.0
MICL(ours) BC MECL2 cT DCT MICL(ours) BC MECL2 CcT DCT

Fig. 6. Comparison of constraint learning from fixed demonstrations across five tasks. The first column reports the IoU index for 2D Reaching and GlassAvoid.
The remaining columns report the IoU index (top) and the true constraint violation rate of the learned policy (bottom) for SphereSpeed, SurfacePose, and
HalfCheetah. IoU is higher better, while violation rate is lower better. All results are based on 10 independent runs with the same demonstrations but different

network initializations.

4) SurfacePose: SurfacePose (shown in Fig. 7) evaluates
constraint learning in a 6D pose-control task with both position
and orientation constraints. The agent controls an end-effector
pose s = (x,y,z,0,0,1), where (z,y,z) is the Cartesian
position and (¢, 8,) are roll-pitch-yaw angles. The action is
a 6D pose increment, and the constraint network takes the full
pose as input. The position constraint requires the end-effector
to stay close to an unknown sinusoidal surface:

x —0.40
Sz, y) = 0.11]0.55sin | 122222
zs(z,y) =0 {O 55 sin ( 011 )

y+0.22
—|—0.35003< 011 >}

27)

A pose violates the position constraint if |z—z4(z, y)| > 0.015.
The orientation constraint requires the end-effector to remain
nearly upright: it must stay within 8° of the world-up direction.

150 feasible demonstrations and 150 failed demonstrations
are generated using similar random walker policy as in Sphere-
Speed.

5) Blocked Halfcheetah: This is a higher-dimensional en-
vironment widely used in prior studies [5], [11]. As shown
in Fig. 7, the agent controls a two-legged cheetah robot by
applying torques to its joint motors, and is rewarded based
on the forward distance traveled between consecutive time
steps. Unlike prior works [5], [13], our experiments in section
VI-A does not assume knowing this reward function. The
true constraint is the red wall that blocks the region with x-
coordinate < —1, so the robot is only allowed to move in
the region with x-coordinate between —1 and co. The input
to the constraint network is an 18-dimensional state space,
including positional and angular values of different body parts
of the cheetah, followed by their velocities, making constraint
extraction challenging due to this high-dimensional space.

To collect demonstration sets, we trained a highly subop-
timal RL policy using the true constraint and obtained 20
feasible and 20 failed trajectories by sampling from this policy.

Results: The IoU scores of all tasks are shown in Fig. 6. For
the higher-dimensional tasks, namely SphereSpeed, Surface-
Pose, and HalfCheetah, we also report the violation rates of

Fig. 7. Visualization of the Blocked HalfCheetah and SurfacePose tasks.
Left: in Blocked HalfCheetah, the agent is encouraged to run fast while
avoiding the red wall. Right: in SurfacePose, the robot end-effector must move
along an unknown curved surface while maintaining an upright orientation;
Trajectories are examples of demonstrations, feasible in green and failed in
red.

policies trained using the learned constraints to further evaluate
constraint quality.

Overall, MICL achieves the best IoU on all tasks except
SurfacePose, where MICL and DCT perform similarly. On
SurfacePose, the median IoU of MICL and DCT is 0.8225
and 0.8228, respectively. For violation rate, MICL obtains a
median of 0.0549, while DCT obtains a median of 0.0359.
These results indicate that MICL consistently learns accurate
aggregate feasibility functions across diverse environments,
including the multi-constraint SphereSpeed and SurfacePose
tasks. For the higher-dimensional tasks, MICL also achieves
the lowest or second-lowest violation rate, showing that the
learned constraints remain useful for downstream policy exe-
cution.

Among the baselines, BC performs reasonably well despite
its simplicity, but its performance is less consistent across
tasks because it treats all states in failed demonstrations as
infeasible. CT generally performs poorly, suggesting that the
original trajectory-level transformer cost model may be unsuit-
able for learning state-level constraint. DCT improves over CT
by decoupling the trajectory-level transformer module from
the point-wise constraint output, and achieves its strongest
performance on SurfacePose. We hypothesize that this is
because SurfacePose has substantially more demonstrations
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than the other tasks, making it more favorable for transformer-
based architectures.

The violation-rate results also highlight the difference be-
tween constraint boundary accuracy and policy-level safety.
In HalfCheetah, MECL2 and BC obtain low violation rates
but relatively poor IoU, mainly because they learn overly
conservative constraints and classify many truly feasible states
as infeasible.

Sensitivity to hyperparameters and number of demon-
strations: We further study the sensitivity of MICL perfor-
mance to the number and ratio of two demonstration sets and
the LSE pooling hyperparameter w.

In Fig. 8, we report the learning results when varying the
number of feasible (or failed) demonstrations while keeping
the number of failed (or feasible) demonstrations fixed. Results
indicate that increasing either the number of feasible or failed
demonstrations generally improves IoU while also reducing
the variance across runs. However, adding more failed demon-
strations beyond a certain number yields relatively minor
improvements.

MICL introduces a smoothness hyperparameter w in the
LSE pooling layer, controlling the smoothness of the LSE
aggregation and consequently the tightness of the learned
constraint. Since w may affect learning performance, we
analyze its sensitivity in Fig. 9 on the 2D Reaching and
HalfCheetah tasks. The results show that both tasks exhibit a
stable high-performance range rather than requiring an isolated
single value.
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Fig. 8. Effect of the number and ratio of two types of demonstrations on
constraint learning in the GlassAvoid task. Left: IoU index of the learned
constraint when the number of failed demonstrations is fixed to 20 and
the number of feasible demonstrations varies. Right: IoU index when the
number of feasible demonstrations is fixed to 30 and the number of failed
demonstrations varies. Each boxplot is based on 8 independently sampled
demonstration subsets.
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Fig. 9. Sensitivity analysis with respect to the LSE smoothness factor in the
2D Reaching and HalfCheetah tasks. Each boxplot is based on 10 independent
runs.

B. Active Constraint Learning from Expert Feedback

This subsection investigates the effectiveness of the pro-
posed active constraint learning framework, in which new
trajectories are iteratively generated and queried to refine the
constraint model.

Experiment setup: We compare three active query strate-
gies with a random query baseline: Monte Carlo Dropout,
temperature-scaled entropy, and Bayesian Active Learning by
Disagreement, abbreviated as Dropout, TS-entropy, BALD,
and Random, respectively. Dropout and TS-entropy use the
combined uncertainty-diversity query score in (22), where
the uncertainty component is computed differently for each
method and the diversity component is consistently computed
using the k-nearest-neighbor distance in (20). BALD uses the
trajectory-level mutual-information score with zero diversity
weight, while Random selects query trajectories uniformly.
After the demonstration sets are updated, all methods use
MICL with LSE pooling to update the constraint network.

Since Dropout and BALD rely on dropout layers for query-
time stochastic predictions, we also apply the same dropout
layers for Random and TS-entropy to ensure a fair comparison,
but the dropout is disabled during inference and is not used
for query scoring.

Compared to Section VI-A, we partially reduce the number
or quality of initial demonstrations to leave more room for
active learning. In this section, 2D Reaching uses 11 fea-
sible and 3 failed demonstrations, and GlassAvoid uses 30
feasible and 11 failed demonstrations. For both tasks, the
failed demonstrations are intentionally selected to be spatially
concentrated, in order to simulate realistic scenarios where
constraint violations are initially observed in only a limited
region. Halfcheetah, in particular, starts with only 1 feasible
and 1 failed demonstration, making it a strongly data-scarce
scenario. To be fair, all methods are trained using the same
initial demonstration sets. A list of important hyperparameters
is summarized in Table II of Appendix B.

Results: The learning results across three tasks are shown
in Fig. 10. For the 2D Reaching and GlassAvoid tasks, a DS
policy is adopted. While for Halfcheetah task, we require the
true reward function is known and an RL policy is performed.
In the 2D Reaching and GlassAvoid tasks, all methods show
stable improvements in constraint learning accuracy as the
number of queries increases. Notably, the three active querying
strategies all outperform the random querying baseline in
both IoU and violation rate, demonstrating the effectiveness
of active learning. The active query strategies also exhibit
smaller variance than Random. For example, in GlassAvoid,
the relative standard deviations of the IoU scores are 2.95%,
3.75%, and 4.53% for Dropout, TS-entropy, and BALD,
respectively, while the relative standard deviation of Random
is much higher (15.68%). Among three active learning method,
BALD achieves overall best mean IoU metrics.

To provide an intuitive understanding of the active constraint
learning process, we present the visualization of a typical
learning process with the TS-entropy method in Fig. 11. The
figure illustrates how both the constraint function and the
model’s uncertainty evolve over iterations. At each iteration,
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Fig. 10. Comparison of four active constraint learning methods across three
tasks: 2D Reaching (top), GlassAvoid (middle), and Halfcheetah (bottom). In
each row, the left figure shows the IoU index (higher is better) of the learned
constraint, and the right shows the true constraint violation rate of the policy
trained with it (lower is better). The x-axis indicates the number of queries. All
results are based on the mean of 14 independent runs; shaded areas represent
one standard deviation.

the agent generates a set of candidate trajectories and selects
the most informative ones based on a combined uncertainty-
diversity score to query the expert. The constraint model is
then refined using the newly labeled data.

In the Halfcheetah task, TS-entropy again achieves the
highest IoU, while BALD and Random exhibit similar per-
formance. Moreover, we observe that the advantage of active
querying over random querying is less pronounced in this
task. One possible explanation is that, in the Halfcheetah
environment, the true constraint is simply a wall, in contrast
to the complex obstacle geometries in the previous tasks. As a
result, the candidate trajectories generated from different initial
states tend to be similar—straightly moving rightward, making
the specific choice of which trajectory to query less impactful.
This task also has larger variance. This is mainly because
the initial dataset contains only one feasible and one failed
trajectory, so each new query can substantially change the
learned constraint. In addition, HalfCheetah uses an RL policy
during active learning, whose stochastic training introduces
extra variance in candidate generation and policy performance.

Overall, these results show that the proposed active con-
straint learning framework can progressively improve the
quality of the learned constraint through trajectory-level ex-

pert feedback. In general, active query strategies outperform
random querying in both IoU and policy violation rate. These
results also indicate that the proposed framework is not tied
to a specific query strategy and can incorporate different
principled active-learning criteria.

Effect of diversity query and sensitivity to diversity
weight. We further investigate the effect of adding the diversity
term to the query score. Fig. 12 shows the performance of the
Dropout method with different diversity weights. The results
suggest that introducing a moderate diversity weight (wq = 5)
improves performance compared with using uncertainty alone
(wg = 0), especially in the later stage of training. This
improvement is attributed to the ability of diversity-aware
querying to avoid repeatedly selecting similar trajectories and
to better explore underrepresented regions of the state space.
On the other hand, excessively large weights (wy; = 20), which
resemble pure diversity-based querying, can slightly degrade
performance, likely due to oversampling from outlier regions.
These findings confirm the benefit of combining diversity and
uncertainty in query selection.

Effect of mislabeled query data We also investigate the
robustness of active constraint learning to label noise, which is
inevitable in real-world applications where human experts may
mislabel the feasibility of trajectories during query process.
To simulate this, we randomly flip the labels of queried
trajectories during active learning with a fixed probability,
referred to as the mislabeling rate, denoted by r,,. Note that
the flipping is applied only to queried trajectories, while the
initial demonstration sets remain unaltered. Fig. 13 shows the
learning performance with Dropout method under different
mislabeling rate 7,. The results suggest that our method
retains reasonable performance under varying levels of label
noise, demonstrating a degree of robustness. However, when
the noise level becomes relatively high (e.g., 10% or 20%),
the performance plateaus even with an increased number of
queries, indicating that further data collection cannot compen-
sate for the degradation caused by noisy supervision.

VII. CONCLUSIONS AND LIMITATIONS

This paper proposes a novel constraint learning method
MICL that actively learns both feasible and failed demonstra-
tions, the latter of which existing methods are generally unable
to exploit and therefore discard. MICL employs a constraint
network to predict the state-level feasibility, with a specialized
pooling layer that aggregates these predictions to produce
trajectory-level feasibility estimates, which are optimized to
match the ground-truth labels of the demonstrations (feasible
or failed). Theoretical analysis proves that MICL can identify
infeasible states with bounded errors, and thus recover the
underlying constraint function.

Furthermore, an active learning framework is also incorpo-
rated that iteratively refines the constraint model by querying
the expert on the feasibility of newly generated trajecto-
ries, where the queries are selected based on a combined
uncertainty-diversity score.

We validate the proposed method in five simulated con-
straint learning tasks with different dimensions and con-
straint structures. The results show that MICL outperforms
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Constraint function Z(s)

Uncertainty score u(s)
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Fig. 11. Visualization of five representative iterations in the active constraint learning process, where each column corresponds to a certain iteration. Top row:
Learned constraint function ¢(s), where red regions indicate infeasible states and blue regions indicate feasible ones. White ellipses denote the ground-truth
constraint boundaries. Green dots are feasible demonstrations and feasible queried trajectories; red dots are failed demonstrations and queries. Bottom row:
Uncertainty score u(s) estimated by TS-entropy, with red indicating high uncertainty. White-to-black dots represent query candidate trajectories, where darker
color corresponds to higher uncertainty-diversity scores. Among them, the black dots have the highest score and is the one selected for querying in the current
iteration. Initially, only the upper ellipse constraint is captured due to limited failed demonstrations. As active learning progresses, the lower ellipse constraint
is gradually discovered.

or matches the strongest baselines in fixed-demonstration
constraint learning. The active learning framework also pro-
gressively improves constraint accuracy through additional
trajectory-level expert feedback.

A main limitation of this work is that the proposed frame-
work is evaluated only in simulated tasks. Extending to more
realistic and complex robotic settings, especially physical
 umberof ooies 20 7 > oo B systems with real human feedback, is an important direction

queries Number of queries L i R i
for future work. Another limitation is that query candidates

are generated using policies guided by the current constraint

i ) ) ) ) o o network. When this network is highly inaccurate, the candidate
Fig. 12.  Comparison of active constraint learning with different diversity 1 b liable. F K will d b
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of the learned constraint. Right: True constraint violation rate of the policy —candidate-generation strategies.
trained with the learned constraint (lower is better). All the curves are based

on § independent runs using dropout-based uncertainty estimation. The shaded
area represents one standard deviation. APPENDIX A
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Finally, since = +— 2™

yields

is convex on [0, 1], Jensen’s inequality

~M _\M M FF \M
E"’[qf ] 2 (ET[QTD = (]E;r[ §,7-]) = (gstate) . (30)
Taking (30) into (29),
£ 2 a(plne) a1
Rearranging gives (16). ]
APPENDIX B
HYPERPARAMETERS

TABLE I
MICL HYPERPARAMETERS.

Environment | Layers | learning rate | epochs | LSE w

2D Reaching | 32,32 1x10~3 4800 0.2

GlassAvoid 32,32 1x10~3 8000 | 0.05

HalfCheetah 4.4 1x1073 4800 | 0.05

SurfacePose | 64,64 | 3x1073 | 3000 | 0.5

SphereSpeed | 128,128 | 1x10~3 4500 | 0.26
APPENDIX C

COMPUTATIONAL COMPLEXITY ANALYSIS

We analyze the computational complexity of the proposed
method by separating the analysis into two stages: (1) con-
straint learning from a fixed demonstration dataset, and (2)
the active constraint learning.

Let IV denote the number of trajectories in the initial demon-
stration dataset (including both feasible and failed ones), and
T denote the average length of each trajectory. Each datapoint
(i.e., state-action pair) has a dimension of d. Let fyn denote
the computational cost of a single forward and backward
pass through the network per sample, which depends on the
specific network architecture and the dimension of input. Then,
training the constraint network for F epochs on the fixed
dataset incurs a total cost of: O(ENT fyn).

In the active learning setting, the constraint network is
updated iteratively as newly labeled trajectories are added.
Each iteration involves the following components:

e Policy Update: For the DS policy, modulation does not
require explicit optimization. For the RL policy, the cost
depends on the specific RL algorithm used. We denote
the policy update cost uniformly as f;.

e Query Candidate Generation: N4 candidate trajectories
of length T' are generated using the current policy. Let
f= be the cost of a single policy inference and f. the cost
of one environment simulation step. The total generation
cost is: O(NT(fr + fe)) -

e Query Scoring and Selection: Taking the TS-entropy
method as an example, computing uncertainty scores for
all candidates costs O(N T fxn). Computing diversity
scores via k-nearest neighbors has a cost of O(N;NT?d).
The cost of selecting top-scored trajectories is linear in
N, and thus negligible.

e Constraint Network Retraining: Retraining the constraint
network on N trajectories (each of length 7") for F
epochs costs: O(ENT fun).

Assuming L active learning iterations, the total complexity
is:

O(L [fi + NST(fr + fe + fn+NTd) + ENT fxn]) (32)

Although the overall complexity is higher than that of con-
ventional active learning methods operating on static datasets,
the structure of the cost remains comparable in nature.
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