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Abstract— It is crucial for robots to be aware of the
presence of constraints in order to acquire safe policies.
However, explicitly specifying all constraints in an environ-
ment can be a challenging task. State-of-the-art constraint
inference algorithms learn constraints from demonstrations,
but tend to be computationally expensive and prone to
instability issues. In this paper, we propose a novel Bayesian
method that infers constraints based on preferences over
demonstrations. The main advantages of our proposed
approach are that it 1) infers constraints without calculating
a new policy at each iteration, 2) uses a simple and more
realistic ranking of groups of demonstrations, without
requiring pairwise comparisons over all demonstrations,
and 3) adapts to cases where there are varying levels of
constraint violation. Our empirical results demonstrate
that our proposed Bayesian approach infers constraints
of varying severity, more accurately than state-of-the-art
constraint inference methods. Code and videos: https:
//sites.google.com/berkeley.edu/pbicrl.

I. INTRODUCTION

Frequently, robots and other autonomous agents are

required to act in environments under the presence of con-

straints. In such cases, policies can be obtained by using

constrained reinforcement learning (RL) algorithms [1],

[2]. However, hand-specifying all constraints can be time

consuming and error prone and some constraints may

be user-dependent, precluding pre-specification of all

relevant constraints. In environments in which some or

all of the constraints are unknown, one might naturally

aim at inferring them, a topic closely related to inverse

reinforcement learning (IRL) [3]–[11].

Constraint inference in RL has been studied in both

discrete [12], [13] and continuous [14] state spaces.

However, the majority of these methods suffer from

high computational complexity. The reason for this is

that these methods are iterative, and a new policy must

be optimized at each iteration, incurring a significant

computational cost. To alleviate this bottleneck, in this

paper we formulate the constraint inference problem as

a preference-based learning problem based on a Markov

Chain Monte Carlo (MCMC) algorithm. More specifi-

cally, we utilize a preference-based likelihood function
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that can be evaluated efficiently, in order to calculate

the likelihood of any proposed constraint. We further

introduce a ranking over groups of preferences as a more

natural framework for preferences in robotics applications.

Finally, we wish to emphasize that not all constraints are

of equal importance. For example, avoiding pedestrians

vs. avoiding tree branches have very different levels of

priority in autonomous driving. We borrow elements from

maximum margin classification [15]–[17] that enable

our method to discriminate between constraints whose

violations have varying degrees of consequences.

II. BACKGROUND AND RELATED WORK

Our work on constraint inference borrows elements

from IRL and preference-based learning.

Constrained Reinforcement Learning: The typical

constrained RL formulation obtains a policy π by maxi-

mizing the expected reward while satisfying constraints

in expectation. Policies can be obtained by solving a

constraint optimization problem [13]. One way to solve

such an optimization problem, is by formulating the

Lagrangian and solving the resulting min-max problem

min
rp≤0

max
π

Ea∼π

[
T∑

t=1

γtrθ(s, a)

]

+ rp

(
Ea∼π

[
T∑

t=1

IC(s, a)

])
, (1)

where rθ(s, a) is the reward function, parameterized by

θ and obtained at state s for action a, IC is the indicator

function of constraint violation for state s and action a
and γ is the discount factor. The variable rp ∈ (−∞, 0]
denotes the Lagrange multiplier. This Lagrange multiplier

can also be viewed as the average penalty that the agent

incurs for violating constraints. We draw inspiration from

this formulation to model the environment constraints.

More specifically, we assume that constraints are “soft"

and that each time the agent violates one, the agent incurs

a penalty reward rp.

Constraint Inference: The topic of constraint infer-

ence is a relatively new area of research in control and

RL. From a control perspective, a common approach in

literature is to infer constraint parameters by optimizing

some metric based on the KKT conditions [18], [19]. In

the RL community, maximum likelihood based methods
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have been developed that infer constraints in discrete

environments [12]. A Bayesian approach similar to

ours, that learns the posterior distribution of constraints

allowing for active learning methods, is developed in [13].

The authors in [14], [20] propose alternating methods,

of policy updates and constraint inference, that infer

soft and hard constraints in continuous state-spaces. A

maximum entropy approach for constraint inference is

developed in [21] and an approach based on multi-

task demonstrations in developed in [22]. Finally, the

authors in [23] construct safe sets after observing expert

demonstrations in environments with varying underlying

reward functions, while in [24] the authors propose

a constraint inference approach based only on sparse

interventions from an expert. However, the previously

mentioned approaches cannot infer constraints of varying

magnitude, a capability that our approach provides.

Preference-Based Learning: When demonstrations

of varying degrees of optimality are available, it might

be appropriate to utilize a preference-based model which

allows the agent to infer reward parameters by just

observing preferences over trajectories [25], [26]. The

authors in [27] propose a preference-based RL approach

in which the agents utilize human feedback on their

demonstrations in the form of ranking, to improve their

policies. Based on the Bradley-Terry model [28], many

deep preference learning frameworks have been devel-

oped and studied [10], [29]–[33]. Preference learning has

also been extended to multimodal reward functions [34],

offline RL [35], and model-based RL [36]. Generalizing

from strict pairwise comparisons, the authors in [37]

explore the benefits of providing feedback in the form of

a scalar value, but do not consider constraint inference.

III. LEARNING FROM PREFERENCES

This section presents the preference learning frame-

work on which our model is based. We outline cases in

which learning from preferences, even in the case when

one has access to all possible pairwise comparisons, can

be ineffective. We also introduce a less demanding group-

wise comparison framework. Finally, we utilize tools

from the large margin classification literature to train our

models to mirror preferences of varying margins.

Throughout this paper, we assume that we have access

to a dataset D of N demonstrations τi, i = 1, . . . N , of

varying quality. To simplify notation, we assume that

the reward function and constraints, only depend on the

state. We further assume that the reward function can

be modeled as the sum of a known nominal reward and

an unknown penalty reward that is associated with the

constraints. Following prior work [13], [14], we assume

that the nominal reward is known and it is given by the

inner product of the known nominal weights wn ∈ R
Nφ

and the Nφ features φ(s)

rn(s) = w�
nφ(s), (2)

and, similarly, the penalty reward is associated with the

unknown penalty weights wp ∈ R
Nφ as follows

rp(s) = w�
p φ(s). (3)

We further associate each constraint with an unknown

binary indicator variable cp ∈ R
Nφ on top of the weight

value wp. This binary indicator captures whether a

feature is a constraint feature or not. The inspiration

behind our constraint modeling approach with a binary

variable, comes from integer programming techniques in

constraint optimization problems, where it is common

to model non-convex constraints as a set of individual

affine constraints [38], [39]. We denote the cumulative

environment reward as rθ(s), θ = {cp,wp}, to designate

the dependence on the unknown penalty weight wp and

unknown binary parameters cp. Thus, we have

rθ(s) = rn(s) + rp(s) = (wn + cp ◦wp)
�φ(s), (4)

with ◦ denoting the Hadamard product.

Providing feedback in the form of pairwise compar-

isons is a natural way for humans to teach robots and

other AI agents. The most frequently used model to

express pairwise comparisons is the Bradley-Terry model.

This model assumes that the probability of demonstration

τi being preferred to demonstration τj is modeled as

P (τi � τj) =
eβ

∑
s∈τi

rθ(s)

eβ
∑

s∈τi
rθ(s) + e

β
∑

s∈τj
rθ(s)

, (5)

where β denotes the inverse temperature parameter of

the softmax function. The parameters θ of the reward

function are then learned in such a way so that the

preferences among the demonstrations are satisfactorily

preserved. Given that the demonstrations can be of

varying length, we propose to consider the mean reward

per demonstration, with Ti denoting the length of

demonstration i. Consequently, the log-likelihood of a

certain wp and cp realization is given by

L(wp, cp) =
∑
τi�τj

logP (τi � τj)

=
∑
τi�τj

log
e

β
Ti

∑
s∈τi

rθ(s)

e
β
Ti

∑
s∈τi

rθ(s) + e
β
Tj

∑
s∈τj

rθ(s)
. (6)

The log-likelihood objective function can then be used as

a metric to infer the unknown penalty weight vector wp

and binary variables cp that best justify the user provided

preferences. Although this formulation has been used

extensively in the RL community [10], [27], [29], the

Bradley-Terry choice model can also have its limitations.
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A. Limitations of Learning from Preferences

A drawback of the Bradley-Terry model is that it

fails to capture “how much more preferable" one choice

is from another. To illustrate this, consider a simple

preference learning task on the grid environment depicted

in Figure 1a. The agent must navigate from the start to

the goal state in an environment in which the orange and

the red states must be avoided, with the red considered

slightly worse. The grey states can be considered good

states. The expert provides the agent with the following

complete list of pairwise comparisons, τ1 � τ2, τ2 � τ3
and τ1 � τ3.

Goal

Start

(a)

w1 w2 w3

−8

−6

−4

−2

0

2
BPL BPL with Margin

(b)

Fig. 1: (a) Example of three different types of trajectories.

A preferable (green), a bad (orange) and a slightly worse

than orange (red). (b) Weight values obtained from BPL

and BPL with margins.

For simplicity, we assume that each state on the

3 × 3 grid is associated with three binary features

(x, y, z). These are (1, 0, 0) for the grey, (0, 1, 0) for

the orange and (0, 0, 1) for the red states. We estimate

wp ∈ R
3 and cp ∈ R

3 using Bayesian preference

learning (BPL) [30], the details of which can be seen

in Algorithm 3 in the supplemental material on our

website. We run BPL 100 independent times and report

the average values of wpi, i = 1, 2, 3 in Figure 1b colored

in grey. Conceptually, the Bradley-Terry model is a more

appropriate modeling choice when the preferences among

trajectories have similar significance. More specifically,

the model fails to capture the fact that in our example,

trajectory τ1 is significantly preferable to the others,

i.e. τ1 �� τ2 and τ1 �� τ3. In this paper, we

draw inspiration from the large margin classification

literature [40]–[42], to propose a variation of the Bradley-

Terry model that can be applied to preferences with

non-uniform margins.

B. Margin-Respecting Preference Learning

The likelihood function based on the Bradley-Terry

model in Eq. (6) treats every preference equally and

does not enable us to enforce the relative strength of

preferences or desired margins over predicted rewards.

This limitation, showcased in Figure 1a, is especially

problematic in the constraint inference case when there

are multiple constraints of varying priority or importance.

These constraints can be hard to learn even if there

is a complete set of pairwise expert demonstration

comparisons or a weighted likelihood function [25].

In the context of traditional K-class CNN classifica-

tion, where the last dense layer of a neural network is

denoted with W, the inputs in that layer are denoted

with fi, i = 1, . . . , N and the total number of data points

is N , the softmax loss objective can be written as

L(W) =
1

N

N∑
i=1

log
e‖Wyi

‖‖fi‖cos(θyi,i)∑K
j=1 e

‖Wj‖‖fi‖cos(θj,i)
, (7)

where Wyi
denotes the row corresponding to the label

yi and θyi,i is the angle between vectors Wyi
and fi.

Using this expression, the following objective function

modification has been proposed in the literature [15]–[17],

that can encourage the creation of inter-class margins

L(W) =

1

N

N∑
i=1

log
e‖Wyi

‖‖fi‖ψ(θyi,i)

e‖Wyi
‖‖fi‖ψ(θyi,i) +

∑K
j �=yi

e‖Wj‖‖fi‖cos(θj,i)
,

(8)
with the use of an appropriate function ψ(·). In

the classification literature, the purpose of the ψ(·)
function is to alter the angle between the rows

of the last layer weight matrix so that the margin

among classes is enlarged. In our work, we follow

a similar approach to [17] which assumes that

ψ(θyi,i) = cos(θyi,i) − m/(‖Wyi
‖‖fi‖), where m

is a tunable hyperparameter, leading to a modified

Bradley-Terry model that can be seen in Eq. (9).

In order to tune ψ(·), some measure of how much

more preferable a demonstration is to another is required.

Our approach allows the demonstrator to specify the

desired relationship of the margins between groups. For

our example in Figure 1a, the human specifies that the

margin between τ1 and τ2 is approximately twice as

large as that between τ2 and τ3. We then tune ψ(·) so

that this relationship between the average rewards of the

demonstrations is achieved under the learned constraint

parameters. The improved results for an appropriate

choice of m are shown in Figure 1b colored in orange.

C. Learning from Grouped Preferences

Pairwise comparisons can be hard to obtain from

humans for each possible pair of demonstrations. Hence,

we propose to learn from coarsely grouped demonstra-

tions as a more realistic alternative. In this case, a

human can categorize demonstrations into distinct groups

depending on their desirability. Given rankings among

groups Gi, i = 1, . . . ,K, where the groups are ordered

from most to least preferred, the modified Bradley-Terry

model and the likelihood function, for τi ∈ Gk, τj ∈ G�
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Acceptable DangerousGood DangerousAcceptableGood

Fig. 2: Illustrative example of grouped rankings of

demonstrations with different inter-class margins.

and k < �, can be written as

L(θ) = L(wp, cp) =
∑

∀τi∈Gk,∀τj∈G�

∀k<�

logP (τi � τj)

=
∑

∀τi∈Gk,∀τj∈G�

∀k<�

log
e

β
Ti

∑
s∈τi

rθ(s)−mk�

e
β
Ti

∑
s∈τi

rθ(s)−mk� + e
β
Tj

∑
s∈τj

rθ(s)
,

(9)

where mk� designates the margin parameter for groups

k and �. Note that the soft-max expression is evaluated

between all τi ∈ Gk and τj ∈ G�. Thus, we leverage

a small number of course-grained preference groupings

over trajectories to automatically construct a large number

of pairwise trajectory preferences.

IV. PREFERENCE-BASED CONSTRAINT INFERENCE

In this section, we outline the constraint inference

approach for two cases, 1) when the environment

constraint features are known and 2) when the constraint

features assume a parametric form.

A. Constraint Inference with Known Features

Based on the likelihood in Eq. (9) we propose

Preference-Based Bayesian Inverse Constraint Reinforce-

ment Learning (PBICRL), an MCMC style algorithm

that computes the posterior distribution of the constraints

based on expert provided preferences over demonstra-

tions. At each iteration, PBICRL randomly chooses

a feature j and then either samples a new binary

constraint value or a new penalty weight value (using

a Gaussian proposal distribution). The frequency with

which a binary or a penalty weight value is sampled is

determined by the sampling frequency fs. After sampling,

the new likelihood of the demonstrations is evaluated

and compared with its value at the previous iteration

to determine whether the sample is accepted or not.

Upon completion, the algorithm returns the maximum a

posteriori (MAP) penalty weight vector, as well as the

MAP indicators of whether each feature is a constraint.

B. Constraint Inference with Unknown Features

The previous section detailed the constraint inference

approach in the case when the features were known.

In this section, we propose a variation of PBICRL

that further allows for inferring the parametric form of

Algorithm 1 PBICRL

1: Parameters: Number of iterations k, sampling

frequency fs, σ, margins mk�, ∀k �= � ∈ {1, . . . ,K}
2: Randomly sample: penalty weight wp ∈ R

Nφ ,

constraint feature cp ∈ {0, 1}Nφ

3: for i = 1, . . . , k do
4: Randomly sample feature j from {1, . . . , Nφ}
5: if i mod fs!=0 then
6: Set c′p[j] = ¬cp[j], w′

p = wp

7: else
8: Set w′

p[j] = wp[j] +N (0, σ), c′p = cp

9: Compute Likelihood using (9)

10: if logL(w′
p, c

′
p) ≥ logL(wp, cp) then

11: Set wp = w′
p, cp = c′p

12: else
13: Set wp = w′

p, cp = c′p
14: w.p. L(w′

p, c
′
p)/L(wp, cp)

15: Return wp, cp

the constraints. More specifically, we assume that the

Mφ constraint features φj
ϑ, j = 1, . . . ,Mφ, now have

functional forms parameterized by ϑ. In this case, we

assume that the environment reward is given by

rθ(s) = rn(s) + rp,ϑ(s)

= w�
nφn(s) + (cp ◦wp)

�φϑ(s), (10)

with wp ∈ R
Mφ , cp ∈ R

Mφ and ϑ ∈ R
Mϑ being

unknown parameters, θ = {cp,wp,ϑ}, and wn ∈ R
Nφ

still corresponding to the known nominal weight vector

of the known features, which are now denoted with φn.

This version of PBICRL, outlined in Algorithm 2 in the

supplemental material, uses a modified sampling scheme

in which the unknown constraint parameters ϑ are also

sampled and included in the calculation of the likelihood

function in Eq. (9).

V. EXPERIMENTS

We utilize four different environments to quantify

the performance of PBICRL: 1) a 2D point mass

(PM) navigation environment, 2) the Fetch-Reach (FR)

environment from OpenAI Gym and 3) the HalfCheetah

(HC) and 4) Ant environments provided in Gymna-

sium [43]. Demonstrations in all environments were

gathered from policies obtained with the Soft Actor-

Critic (SAC) algorithm [44].

A. Point Mass Environment

First, we study a two-dimensional environment, pic-

tured in Figure 3a, with the agent following a point mass

model that navigates from some starting state towards the

goal set, at the top right corner, while avoiding certain

obstacles. At each time step the agent accrues a reward
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Fig. 3: 2D point mass navigational environment (a) and

Fetch-Reach robot (b) environments.
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Fig. 4: (a) 2D point mass environment demonstrations.

(b) Inference results for point mass environment. Results

averaged over 5 seeds.

proportional to the inverse of their distance from the

center of the goal set while at the same time accruing a

living cost of −1. Once the point mass enters the goal

region the episode is completed. There are a total of two

constraints, the orange and the red one. The agent incurs

a penalty of rp1 and rp2 upon entering the orange and red

constraint regions, respectively. Furthermore, the actual

unknown penalties satisfy rp2 
 rp1, as demonstrations

that violate the red constraint are considered highly

suboptimal. Although the penalties are unknown, we

aim at recovering them accurately based on the expert

provided pairwise comparisons and the relative margins

among them. There are four features in the environment,

namely: 1) the inverse distance from the target center, 2)
an indicator variable on whether the orange constraint

is violated, 3) an indicator variable on whether the red

constraint is violated and 4) a binary variable indicating

whether the target has not been reached yet. The ground-

truth weight vector associated with the features is w =
wn +wp = [1,−10,−100,−1].

Similar to [12], [13], we assume that we only have

access to the nominal weight vector wn = [1, 0, 0,−1].
Using PBICRL we infer wp and cp. Figure 4a depicts

some demonstrations that are categorized in three groups

G1, G2 and G3, representing the good, bad and very bad

sets of demonstrations, respectively. We compare the

performance of PBICRL with BPL [30], the details of

which can be seen in Algorithm 3 in the supplemental

material. In BPL we also assume knowledge of the

nominal reward weight vector wn and the algorithm

infers the penalty weight vector wp. The main difference

between PBICRL and BPL is that the latter is missing

the binary variables that signify the presence or absence

of constraints.

We first run PBICRL, with all the margins mij , ∀i, j
set to zero, and BPL using 60 demonstrations for each of

the three groups and we average the results over 5 seeds.

Figure 4b shows the inferred weights for PBICRL and

BPL, respectively, along with the true values. Bayesian

preference learning (BPL) fails to infer the correct

weights, as for instance wp1 and wp4 should both be

zero. On the other hand, the performance of PBICRL

is significantly better, as it correctly identifies the two

constrained features and the corresponding weight values

are close to the true ones.

To capture how much undesirable the red constraint is,

which should translate to a lower wp3 value, we further

need to tune the mij margin parameters. To tune these

margins, our method can utilize additional feedback from

the expert. In this example, the expert provides feedback

that the relative margins among demonstrations in G2 and

G3 are approximately four times the magnitude of those

between G1 and G2. The parameters mij are automatically

tuned so the cumulative rewards of the demonstrations

under the inferred parameters approximately satisfy this

condition. After tuning, the new inferred weights, as seen

in Figure 4b, improve significantly.

B. Fetch-Reach Robot

In this section, we utilize the Fetch-Reach robotic

environment [43] and train it with a SAC policy to

navigate towards the blue goal set, as shown in Figure 3b.

The environment contains two rectangular constraint

regions: the orange one is associated with a ground-

truth violation penalty of −20 and the considerably

worse red one has a violation penalty of −100. The blue

colored sphere designates the goal set towards which the

robot should navigate. The environment has four features,

namely: 1) the inverse distance from the center of the

goal set, binary indicators for violating the 2) orange

and 3) red constraints, and 4) a binary living indicator.

The original ground-truth weight vector w ∈ R
4 is

[0.1,−20,−100,−5], while the known nominal weight

vector is wn = [0.1, 0, 0,−5] and the unknown constraint

violation parameters wp and cp are to be inferred.

Figure 5b shows the results for the inferred constraint

weights. The mij parameters were tuned under the

assumption that the user provides feedback that the

relative margins between the two pairs of groups G1,G2
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Fig. 5: (a) Fetch-Reach robot demonstrations. (b) In-

ference results for Fetch-Reach environment. Results

averaged over 5 seeds.

and G2,G3 are approximately the same. The original

average rewards of the demonstrations, along with the

ones for the inferred weights under mij = 0, ∀i, j and

after tuning mij , can be seen in the supplemental material

for both the 2D and Fetch-Reach environments.

C. HalfCheetah and Ant with Parametric Constraints

In this section we consider parametric 1D halfspace

constraint functions of the form z ≤ ϑ, where PBICRL,

must also infer the parameter ϑ. We focus on the z
dimension as this is the primary axis along which the

agent is incentivized to run forwards. This framework

further allows us to compare our method to state-of-the-

art constraint inference techniques such as [14], [20],

where the single 1D constraint also assumes a parametric

form. Given that in our experiments constraint violation

is technically possible, we focus on comparing with [20],

which is a soft constraint inference algorithm.

In the HalfCheetah and Ant environments [45] we test

the performance of PBICRL in a scenario with a single

constraint function, similar to [20]. More specifically, we

assume that there exists an unobserved constraint at a

particular location z. For the HalfCheetah we assume

that the agent faces a constraint at the z = 8 location

and whenever z ≥ 8 the agent incurs a penalty reward

of −50. For the Ant environment we assume that the

states for which z ≥ 10 are constrained and associated

with a penalty reward of −100.

The known features φn of the HalfCheetah and Ant

environments are the z-coordinate difference between

two time steps and the square norm of the action vector.

The corresponding nominal weights are wn = [20,−0.1].
In this setting, PBICRL infers the unknown constraint

location ϑ as well as the cp, wp parameters associated

with it. We compare the inferred constraints of PBICRL

with Inverse Constraint Learning (ICL) [20] by reporting

the Constraint Mean Squared Error (CMSE), which

quantifies the error between the location of the actual and

the inferred constraints. For PBICRL, 100 good and 100
bad demonstrations were provided. In the ICL method,

we used 200 good demonstrations some of which violated

the constraint. Table I shows the CMSE values for both

methods. PBICRL consistently estimates a constraint

location very close to the true one, while ICL tends

to infer a constraint close to the starting states of the

demonstrations.

TABLE I: CMSE for PBICRL and ICL.

Env. ICL PBICRL

HC 69.74± 0.40 0.073± 0.12
Ant 103.37± 0.21 0.20 ± 0.29

Another benefit of our approach lies in its time

complexity. Prior work alternates between policy learning

and constraint inference [14], [20] leading to high time

complexities. By contrast, our approach infers constraints

in the above environments using an order of magnitude

less time. Table II shows the time complexity of ICL

and PBICRL for the HalfCheetah and Ant environments.

All results have been averaged over 5 seeds.

TABLE II: Runtime in seconds for PBICRL and ICL.

Env. ICL PBICRL

HC 20650± 2982 3298± 659
Ant 22703 ± 2961 3165 ± 12

VI. CONCLUSION AND FUTURE DIRECTIONS

We presented a novel Bayesian constraint learning

algorithm (PBICRL) that utilizes preferences over groups

of demonstrations. We also extended the classic Bradley-

Terry choice model to allow different margins between

preferences. Our empirical results show that PBICRL can

more accurately and more efficiently infer constraints in

environments under both known and unknown features

than prior state-of-the-art approaches for both constraint

learning and Bayesian preference learning.

One of the benefits of our Bayesian inference approach

is that the posterior distribution can provide information

about uncertainty and hence, could be used to design

active learning approaches as well as design policies that

satisfy certain safety criteria. One particular direction

we consider interesting is the utilization of the pref-

erence margins, which inherently quantify the severity

of individual constraints, in an active learning scheme

that uses a query function that takes into consideration

those margins. Future work also includes extending our

approach to higher dimensional environments using unsu-

pervised learning [46] and human-guided representation

alignment [30], [32], [47] to learn feature representations

that can be used for constraint learning.
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