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Abstract

In this work, we study the problem of offline safe imitation
learning (IL). In many real-world settings, online interac-
tions can be risky, and accurately specifying the reward and
the safety cost information at each timestep can be difficult.
However, it is often feasible to collect trajectories reflecting
undesirable or risky behavior, implicitly conveying the be-
havior the agent should avoid. We refer to these trajectories
as non-preferred trajectories. Unlike standard IL, which aims
to mimic demonstrations, our agent must also learn to avoid
risky behavior using non-preferred trajectories. In this paper,
we propose a novel approach, SafeMIL, to learn a parame-
terized cost that predicts if the state-action pair is risky via
Multiple Instance Learning. The learned cost is then used to
avoid non-preferred behaviors, resulting in a policy that pri-
oritizes safety. We empirically demonstrate that our approach
can learn a safer policy that satisfies cost constraints with-
out degrading the reward performance, thereby outperform-
ing several baselines.

Introduction
Reinforcement Learning (RL) has demonstrated significant
success across various challenging tasks (Kober, Bagnell,
and Peters 2013; Mnih et al. 2015; Silver et al. 2016; Ki-
ran et al. 2021). Nevertheless, its deployment in real-world
applications is limited because most RL algorithms require
many online interactions with the environment to learn a
good policy. This requirement hinders its use in many real-
world domains, especially where such interactions are risky,
such as robotics or autonomous driving. Another challenge
lies in selecting a suitable reward function for complex real-
world tasks. RL agent learns a policy by maximizing the re-
ward; however, crafting a reward function that encodes the
desired behavior can be challenging in various practical ap-
plications. An ill-defined reward function can lead to un-
intended and potentially harmful behaviors (Dewey 2014;
Baker et al. 2020). In contrast to RL, which relies on envi-
ronmental rewards, Imitation Learning (IL) (Schaal 1996)
has the distinct advantage of learning solely from expert
demonstrations, eliminating the need to design a reward
function.
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In most real-world domains, agents should also adhere to
safety constraints alongside reward maximization. Safety in
RL is usually modeled as a Constrained Markov Decision
Process (CMDP) (Altman 1999; Ray, Achiam, and Amodei
2019; Ji et al. 2023), where a policy is considered safe if it
satisfies all the safety constraints. Offline Safe RL (Polosky
et al. 2022; Liu et al. 2023) methods can learn safe policies
from pre-collected datasets. However, these methods require
access to constraint cost information at each timestep, which
can be challenging to obtain. For example, assessing the tox-
icity in conversational agents or defining safety constraints
in complex domains like surgical robotics can be difficult.
In contrast, labeling a trajectory non-preferred is easier than
defining constraint costs at each timestep. Furthermore, non-
preferred trajectories that violate safety constraints are of-
ten naturally collected. For instance, vehicle accidents and
toxic content reported by chatbot users can be used as non-
preferred trajectories.

In this paper, we address the problem of offline safe im-
itation learning, where the agent learns a safe policy by
avoiding non-preferred behaviors. Our approach relies on
a small number of non-preferred trajectories, along with a
large collection of unlabeled trajectories that contain a mix
of preferred (i.e., high return, safety-constraint satisfying)
and non-preferred (i.e., high return but safety-constraint vi-
olating) trajectories, where both per-timestep reward and
cost information are unknown. For example, consider a real-
world scenario of autonomous driving where we have access
to limited non-preferred trajectories (e.g., red-light running,
proximity to other vehicles) and a large unlabeled dataset of
human-driven trajectories, which may include non-preferred
trajectories. Given no further online data collection, the chal-
lenge is to learn a safe policy from these offline datasets.

We propose a novel offline Safe imitation learning via
Multiple Instance Learning, SafeMIL, algorithm that can
learn a safe policy using limited non-preferred trajectories
and a large number of unlabeled trajectories where both re-
ward and cost information are unavailable. Our key contri-
butions are as follows: 1) We formulate the learning of a pa-
rameterized cost function that predicts if the state-action pair
is risky as a Multiple Instance Learning (MIL) problem. Our
work is the first to introduce the MIL formulation for offline
safe IL setting. 2) Our method can learn the cost function
even with a simple and intuitive score function, equation 6.
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The learned cost is then used to identify preferred behav-
ior in the unlabeled dataset. This allows the agent to learn
a policy via behavior cloning that imitates behaviors likely
to satisfy CMDP constraints. 3) We empirically demonstrate
that our proposed algorithm learns significantly safer poli-
cies. It consistently outperforms or matches the state-of-the-
art offline safe imitation learning methods in terms of safety,
achieving final median performance that is 3.7× better than
the best baseline algorithm across all environments (See Ta-
ble 3, 4 in Burnwal, Bhatt, and Ravindran (2025)).

Related Works
Offline Imitation Learning (Pomerleau 1991; Kim et al.
2022) primarily focuses on replicating actions of the demon-
strations without explicitly considering safety. It implicitly
assumes that demonstrations are safe, but if they contain
non-preferred trajectories, simply imitating them can lead
to learning policies that are risky. We address the problem
of learning a safe imitation policy by seeking limited access
to non-preferred trajectories and an abundance of unlabeled
trajectories that contain both preferred and non-preferred
trajectories. This specific scenario has received limited at-
tention in the literature.

Learning Imitation Policy from Non-Preferred Trajecto-
ries : SafeDICE (Jang et al. 2023) addresses this challenge
by directly estimating the stationary distribution of the pre-
ferred policy. The estimated distribution is then used to learn
a safe policy that mimics the preferred behavior while effec-
tively avoiding the non-preferred behaviors.

Learning Imitation Policy from Suboptimal Trajectories
: T-REX (Brown et al. 2019), B-Pref (Lee et al. 2021), PEB-
BLE (Lee, Smith, and Abbeel 2021), OPRL (Shin, Dra-
gan, and Brown 2023), learn a reward function from ranked
trajectories. These methods focus on learning reward func-
tions that assign a higher total reward to higher-ranked tra-
jectories in the dataset. T-REX, B-Pref, PEBBLE then uses
online-RL (Schulman et al. 2017; Haarnoja et al. 2018) al-
gorithm, and OPRL uses offline-RL (Kumar et al. 2020;
Qin et al. 2022) algorithm to learn the policy. Since rank-
ing trajectories can be challenging, D-REX (Brown, Goo,
and Niekum 2020) and SSRR (Chen, Paleja, and Gombo-
lay 2020) generate trajectories of varying quality by inject-
ing noise into policies learned from suboptimal demonstra-
tions. These approaches then use the resulting trajectories to
learn a reward function. However, trajectory generation re-
quires online interaction with the environment, which is not
viable in an offline setting. Another approach, DWBC (Xu
et al. 2022), uses positive-unlabeled (PU) learning (Elkan
and Noto 2008; Żołna et al. 2021) to train a discriminator
network, which is then incorporated as a weight in the BC
loss function.

Preliminaries
Constrained Markov Decision Process
Consider a finite Constrained Markov Decision Process
(CMDP) (Altman 1999) represented by the tuple M =

(S,A,P, r, ρ0, γ, C), where S and A represent state and ac-
tion spaces, respectively. P(st+1|st, at) defines the proba-
bility of transitioning to state st+1 after executing action
at in state st at timestep t. r : S × A → R denotes the
immediate reward, ρ0 is the initial state distribution, and
γ ∈ (0, 1) is the discount factor. C = {(ci, bi)}mi=1 is a
constraint set, where ci : S × A → R≥0 is the i-th cost
function and bi ∈ R≥0 is the corresponding threshold. A
policy π : S → P (A) corresponds to a map from state to a
probability distribution over actions.

The set of feasible stationary policies for a CMDP is:

ΠC :=

{
π
∣∣ ∀i, Eτ∼π

[
T−1∑
t=0

γtci(st, at)

]
≤ bi

}
(1)

where Eτ∼π

[∑T−1
t=0 γtci(st, at)

]
≤ bi is the i-th constraint

and τ = (s0, a0, s1, a1 . . . , sT−1, aT−1, sT ) is a T length
trajectory sampled under policy π. The reinforcement learn-
ing problem in CMDP is then to find a safe optimal policy π∗

that maximizes the expected discounted cumulative reward
while satisfying all constraints:

π⋆ = arg max
π∈ΠC

Eτ∼π

[
T−1∑
t=0

γtr(st, at)

]
(2)

Imitation learning does not rely on environmental re-
wards but rather on demonstrations. This work focuses
on an offline setting, where the policy is learned solely
from the pre-collected trajectories that do not con-
tain reward and cost information explicitly, i.e, τ =
(s0, a0, s1, a1 . . . , sT−1, aT−1, sT ). In this work, preferred
and non-preferred trajectories are defined as follows:
Definition 1 (Preferred Trajectory). A preferred trajectory
is defined as a trajectory that achieves high returns and sat-
isfies all the constraints.

Definition 2 (Non-preferred Trajectory). A non-preferred
trajectory is defined as a trajectory that achieves high re-
turns but violates constraints.

We assume that we have access to a limited number of
non-preferred trajectories, DN , and a large number of unla-
beled trajectories, DU , containing both preferred and non-
preferred trajectories. Additionally, we represent the empir-
ical distribution of non-preferred trajectories as ρN . This
means that a trajectory τ ∈ DN is a sample drawn from
τ ∼ ρN . Likewise, the stationary distribution, ρU , charac-
terizes the distribution of trajectories within DU .

Multiple Instance Learning
The goal of the standard binary supervised learning algo-
rithm is to predict the target label, y ∈ {0, 1}, for a given
instance, x. In Multiple Instance Learning (MIL) (Carbon-
neau et al. 2018) problem, instead of a single instance, there
is a bag of instances, B = {x1, x2, . . . , xK}, that are nei-
ther dependent nor ordered among each other. In general,
the size of the bag, K, can vary; however, in our work, we
chose to fix K. We also assume that there exists a binary
label for all the instances of the bag, i.e., y1, . . . , yK and
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yk ∈ {0, 1} ∀ k = 1, . . . ,K, however, we do not have ac-
cess to these instance labels. Instead, we can access a single
binary label, Y , associated with each bag. The bag label is
determined by the presence or absence of at least one pos-
itive instance. A bag is negative, Y = 0; when all the in-
stances of the bag are negative, i.e., yk = 0, ∀k and the
bag is positive, Y = 1, when there is at least one positive
instance in the bag, i.e., yk = 1 for some k. The label Y is
defined as:

Y =

{
0, yk = 0, ∀ k in bag B
1, otherwise

(3)

MIL has two primary classification tasks: bag-level and
instance-level classification. Bag-level classification (Zhang
and Goldman 2001; Zhou and Zhang 2007) focuses on deter-
mining the label of the entire bag of instances, and instance-
level classification (Andrews, Tsochantaridis, and Hofmann
2002; Ilse, Tomczak, and Welling 2018) requires classifying
each instance within the bag.

Methodology
This section presents offline Safe imitation learning via Mul-
tiple Instance Learning (SafeMIL) algorithm. We learn the
cost function by formulating it as a MIL problem, and then
use it to identify preferred behavior from unlabeled dataset.
We learn a safe policy via behavior cloning on these pre-
ferred behaviors likely to satisfy CMDP constraints.

Formulating Cost Function Learning as MIL
Problem
To frame our cost function learning problem as a MIL prob-
lem, we need to construct bags and assign positive/negative
labels. Suppose we define our bag whose instances are tra-
jectories, B = {τ1, . . . , τK}. Then, the negative bags can
be created by sampling trajectories with replacement from
the non-preferred trajectory dataset, as all trajectories within
the bag are non-preferred. Similarly, we construct unlabeled
bags by sampling trajectories with replacement from unla-
beled dataset. For an unlabeled bag to be considered as pos-
itive bag, it must contain at least one preferred trajectory.
For some bag size K, the probability of the unlabeled bag
containing at least one preferred trajectory is defined as:
Lemma 1. Let Tp denote the set of all preferred trajectories.
Let α ∈ (0, 1) represent the proportion of preferred trajec-
tories within the unlabeled dataset DU . Consider a bag B
containing K trajectories sampled with replacement from
DU . Then, the probability that bag B contains at least one
preferred trajectory is given by:

P (B ∩ Tp ̸= ∅) = 1− (1− α)K

Proof. See Appendix A. in Burnwal, Bhatt, and Ravindran
(2025).

Therefore, for sufficiently large bag size K, the proba-
bility of an unlabeled bag containing at least one preferred
trajectory approaches 1.

We will overload the notation ρN to represent both tra-
jectory (τ ∼ ρN ) and negative bag (B ∼ ρN ) sampling, and

similarly, overload ρU for trajectory (τ ∼ ρU ) and unlabeled
bag (B ∼ ρU ) sampling.

As we only have access to bag-level labels, we can de-
fine a score for a bag B such that it can capture the bag’s
underlying property. Since the trajectories within a bag are
unordered and independent, the score should be invariant to
any permutation of these trajectories. To ensure this permu-
tation invariance, we adopt a score function based on the
Fundamental Theorem of Symmetric Functions with mono-
mials (Zaheer et al. 2017), defined as:

Score(B) = g

(∑
τ∈B

f(τ)

)
(4)

Here, f and g are suitable transformation functions. This
score function is invariant to the permutation of the trajec-
tories within the bag. The effectiveness of this score func-
tion relies on the appropriate choice of these transformation
functions. We opt for intuitive functions for f and g. We de-
fine the function f parameterized by θ as:

f(τ) =
1

K

T−1∑
t=0

γtĉθ(st, at) (5)

where (st, at) is the state-action pair at timestep t in the tra-
jectory τ and ĉθ : S × A → (0, 1) is the parameterized cost
function. Therefore, the function f estimates the cumulative
cost of the trajectory τ . For the function g, we choose an
identity function. This choice of g allows the bag score to
be directly proportional to the sum of the cumulative costs
of its trajectories. Given these choices for f and g, the score
function for the bag B is:

Score(B) = 1

K

∑
τ ∈ B

T−1∑
t=0

γtĉθ(st, at) (6)

This score function has an intuitive interpretation. As the
number of trajectories in the bag, K approaches infinity, the
score function converges to the expected cumulative cost of
a trajectory in bag B:

lim
K→∞

Score(B) = Eτ∼B

[
T−1∑
t=0

γtĉθ(st, at)

]
(7)

Then, the score function, equation 6, represents an empiri-
cal estimate of the expected cumulative cost of a trajectory
associated with the bag B. Assuming non-preferred trajec-
tories have similar cost, then we can establish the following
relationship:

lim
K→∞

Score(B ∼ ρN ) > lim
K→∞

Score(B ∼ ρU ) (8)

This means that as the number of trajectories in negative and
unlabeled bags approaches infinity, the expected cumulative
cost of the negative bag’s trajectory will be greater than that
of the unlabeled bag. This is based on the intuition that the
negative bag sampled from the non-preferred dataset will
have more constraint-violating behavior than the unlabeled
bag, which, according to Lemma 1, the unlabeled infinite-
size bag is likely to contain at least one preferred trajectory.

Similarly, we can explain the relationship between the
empirical scores of negative and unlabeled bags:
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Theorem 1. Assuming non-preferred trajectories have sim-
ilar cost. Then, for some bag size K, the score of nega-
tive (Bn) and unlabeled (Bu) bag satisfies Score(Bn) >
Score(Bu) with probability

P (Score(Bn) > Score(Bu)) = 1− (1− α)K

where α is the percentage of preferred trajectories in the
unlabeled dataset.

Proof. The result follows directly from Lemma 1. The unla-
beled bag Bu contains at least one preferred trajectory with
1− (1− α)K probability. Therefore, the scores also satisfy
the above relationship with the same probability.

Given the relationship between the empirical scores of
negative and unlabeled bags, we can train the cost func-
tion ĉθ using Bradley-Terry model (Bradley and Terry 1952).
Therefore, the loss function can be defined as:

Lθ = −EBn∼ρN ,

Bu∼ρU

[
log

exp(Score(Bn))

exp(Score(Bn)) + exp(Score(Bu))

]
(9)

By minimizing the above loss function, we can to train the
cost function ĉθ, which assigns a higher score to a negative
bag than an unlabeled bag. In the next section, we discuss
a method that uses this learned cost function to learn a pre-
ferred policy.

Policy Learning
The learned cost function ĉθ estimates whether a given state-
action pair is risky, i.e., likely to violate constraints. Since
DU contains both preferred and non-preferred trajectories,
we can use this learned cost function to identify preferred
trajectories that are likely to satisfy the CMDP constraints.
Specifically, we identify the set of preferred trajectories as:

Tĉθ :=

{
τ ∈ DU

∣∣∣ T−1∑
t=0

γtĉθ(st, at) ≤ b̂

}
(10)

where b̂ is a constraint threshold. We can then recover the
preferred policy by optimizing the following loss function:

min
π

∑
τTĉθ

[
T−1∑
t=0

Lπ(st, at)

]
(11)

where (st, at) is the state-action pair at timestep t in trajec-
tory τ and Lπ(·, ·) is the behavior cloning loss function.

Alternatively, instead of applying a hard threshold, b̂, to
select trajectories, we can take a soft weighting approach by
assigning weight to each trajectory based on its estimated
cost. This results in the following weighted objective:

min
π

∑
τ∈DU

[
w(τ)

T−1∑
t=0

Lπ(st, at)

]
(12)

where the trajectory weight w(τ) is defined as:

w(τ) = exp

(
−

T−1∑
t=0

γtĉθ(st, at) / β

)
(13)

Algorithm 1: SafeMIL
Input: non-preferred dataset DN , unlabeled dataset DU , bag
size K, partial trajectory length H , β
Parameter: a parameterized cost function ĉθ and a parame-
terized policy network π
Output: preferred policy π ≈ π⋆

1: for n = 1, 2, . . . do
2: Sample bag Bn ∼ DN of bag size K and trajectory

length H
3: Sample bag Bu ∼ DU of bag size K and trajectory

length H
4: Update cost function ĉθ by optimizing the Eq. 9
5: Update policy π on DU using the Eq. 12
6: end for

and β > 0 is a hyperparameter. For small value of β,
this weighting scheme assigns higher weight to constraint-
satisfying preferred behaviors over non-preferred ones. This
approach also allows us to leveraging all available data while
prioritizing policy to mimic preferred behaviors while dis-
couraging non-preferred behaviors.

Extension to Learning Cost Function with Partial
Trajectories
The method so far assumes the use of full trajectory length;
however, using the entire trajectory can be computationally
expensive or sometimes impractical. Therefore, we modify
our algorithm to construct bags with partial trajectories in-
stead of full trajectory lengths. This modification can lead
to incorrect sampling of negative bags from non-preferred
dataset. The partial trajectories sampled from non-preferred
dataset can exhibit preferred behavior, resulting in incorrect
labeling of these bags. However, even if some negative bags
are mislabeled, the relationship between the scores of the
negative bag and unlabeled bag, equation 8, can still hold
provided the number of trajectories, K, in each bag, is suffi-
ciently large. This is because the score typically reflects the
average cost of the trajectories within a bag. Even with some
preferred segments in the negative bag, the overall average
cost in the negative bag is expected to be higher than that in
the unlabeled bag, given a sufficiently large bag size.

Training using partial trajectories allows the SafeMIL al-
gorithm to learn an expressive cost function from only a
limited number of non-preferred trajectories. During train-
ing, we randomly sample pairs of negative and unlabeled
bags, each containing K partial trajectories of length H .
The score for each bag is then used to compute “logit” in
a binary cross-entropy loss function. The learned cost func-
tion is used to identify preferred behavior from unlabeled
dataset. We learn a safe policy via behavior cloning on these
preferred behaviors likely to satisfy CMDP constraints. The
training procedure is shown in Algorithm 1.

Experiments
We evaluate our algorithm against the state-of-the-art of-
fline safe IL algorithm using the Datasets for offline Safe
RL (DSRL) on a set of benchmark tasks (Liu et al.
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Figure 1: Performance Comparison. We report the final bootstrapped mean performance of the algorithm on Walker2d-Velocity,
Swimmer-Velocity, Ant-Velocity task after 1 million training steps. Mean and 95% CIs over 5 seeds. We observe that our
method outperforms all the baselines and can recover low cost safe policies without compromising reward performance. Fig. 8
(Burnwal, Bhatt, and Ravindran 2025) reports the learning curves for all the algorithms.

2024). We conduct experiments on the following tasks: i)
MuJoCo-based velocity-constrained tasks (Walker-Velocity,
Swimmer-Velocity, Ant-Velocity), where agents are re-
quired to move as fast as possible while adhering to the ve-
locity limits; and ii) navigation tasks (Point-Circle2, Point-
Goal1, Point-Button1), that require agents to maximize per-
formance while avoiding collisions or contact with haz-
ardous regions (illustrated in Fig. 5, 6 in Burnwal, Bhatt, and
Ravindran (2025)). These tasks collectively provide compre-
hensive and realistic scenarios for evaluating the safety and
the performance of offline safe IL algorithms.

We select a limited number of non-preferred trajectories
(DN ) and a large number of unlabeled trajectories (DU )
from the DSRL dataset. DU contain a mix of preferred and
non-preferred trajectories. We removed all the reward and
cost information from DN and DU trajectory dataset. Our
objective is to recover low-cost behavior while preserving
high-reward performance from the unlabeled data. We have
50 trajectories in DN and 200 trajectories in DU . Appendix
D. (Burnwal, Bhatt, and Ravindran 2025) contains all the
other details regarding DN and DU dataset.

Baselines: We compare our algorithm against four base-
lines. (1) BC, a BC policy on the unlabeled dataset DU . This
serves as a baseline to evaluate the performance of BC when
the dataset contains a mixture of preferred and non-preferred
trajectories. (2) SafeDICE, Jang et al. (2023), directly esti-
mates the stationary distribution corrections for the preferred
behavior and then trains a weighted BC policy. (3) DWBC, a
variant of the discriminator-weighted behavior cloning algo-
rithm (Xu et al. 2022) that uses negative-unlabeled learning

to train the discriminator model. The trained discriminator is
then used as weight in the weighted BC loss function. (4) T-
REX, Brown et al. (2019), a preference-based method that
learns a reward function to prefer unlabeled trajectories over
non-preferred ones. The learned reward function is then used
as a weight in the weighted BC loss function. See Appendix
C. (Burnwal, Bhatt, and Ravindran 2025) for implementa-
tion details of baseline algorithms.

We also train an offline constrained RL policy, COp-
tiDICE (Lee et al. 2022), on an unlabeled dataset augmented
with ground-truth reward and cost annotations for 1 mil-
lion training steps. Constrained-RL policy represents the
optimal performance achievable by a policy that simulta-
neously achieves high reward and low cost. We treat this
Constrained-RL policy as the preferred low-cost policy. No
other methods have access to reward and cost information.
We do not compare our algorithm with other constrained RL
algorithms, as our setting, offline safe IL, fundamentally dif-
fers from offline safe RL.

We compare the performance of SafeMIL and other base-
line algorithms in terms of task performance (i.e., expected
episodic return) and safety (i.e., expected episodic cost). We
report the results with the following metrics. (1) Normal-
ized Return scales the episodic return of a given policy,
such that 0 represents the episodic return from a random
policy, while 1 represents the episodic return achieved by
the Constrained-RL policy. (2) Normalized Cost scales a
given policy’s episodic cost by subtracting the Constrained-
RL policy’s episodic cost. It ensures that 0 represents the
cost achieved by the Constrained-RL policy. (3) Normal-
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Figure 2: Performance Comparison. We report the final bootstrapped mean performance of the algorithm on Point-Circle2,
Point-Goal1, Point-Button1 tasks after 1 million training steps. Mean and 95% CIs over 5 seeds. We observe that the Point-
Goal1 environment, our algorithm performs better, while maintaining competitive performance in the remaining environments.
Fig. 9 (Burnwal, Bhatt, and Ravindran 2025) reports the learning curves for all the algorithms.

ized Conditional Value at Risk performance (CVaR)
20% Cost, similar to Normalized Cost it scales the policy’s
mean episodic cost of the worst 20% runs by subtracting the
Constrained-RL policy’s episodic cost.

Our primary focus of the comparison is to evaluate safety
(Normalized Cost, Normalized CVaR@20% Cost). We con-
sider a policy to have successfully recovered the preferred
behavior if its performance closely matches the Constrained-
RL policy. This is evidenced by the Normalized Cost less
than or close to 0, and the Normalized Return being greater
than or close to 1. All plots are generated by averaging the
performance of 50 trajectories generated from the learned
policy. To assess statistical significance, we generate 1000
bootstrap samples from the data, using results from 5 differ-
ent random seeds, and we plot the resulting 95% confidence
intervals.

Through our experiments, we focus on answering the fol-
lowing questions:

1. Performance Comparison: How does our algorithm com-
pare to other baselines in terms of learning safer poli-
cies that satisfy cost constraints while maintaining re-
ward performance?

2. Sensitivity to the choice of bag size: How does our algo-
rithm’s performance vary with different bag sizes K?

3. Sensitivity to the choice of trajectory length: What is
the impact of trajectory length on our algorithm’s per-
formance?

4. Effect of different weighting scheme in policy learning:
How does our algorithm’s performance change if we de-

fine weights on individual state-action pairs instead of the
entire trajectory when learning the policy?

Performance Comparison
In both velocity-constrained tasks (Fig. 1) and navigation
tasks (Fig. 2), we verify that when the unlabeled dataset con-
tains non-preferred (constraint-violating) trajectories, the
standard BC policy has a higher cost and therefore can ex-
hibit non-preferred behavior.

SafeMIL can outperform all baseline algorithms in
velocity-constrained tasks. It is also able to recover pre-
ferred behavior from the unlabeled dataset, with safety per-
formance closely approximating that of Constrained-RL.
SafeMIL learns a safer policy for navigation tasks in Point-
Goal1 and is competitive compared to other baselines in
Point-Circle2 and Point-Button1. In Point-Circle2, T-REX
learns a policy with a better constraint-satisfying policy.
SafeMIL achieves a median performance of 3.7× better than
the best baseline algorithm across all environments. Ap-
pendix F. (Burnwal, Bhatt, and Ravindran 2025) contains
additional supporting results and the learning curves for all
the algorithms.

Sensitivity Analysis
This section investigates how the bag’s size and the trajec-
tory length impact our algorithm’s performance. We demon-
strate that increasing the bag size and using partial trajectory
length does not alter the algorithm’s safety or the overall re-
ward achieved.
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Figure 3: Sensitivity to Bag Size. We report the final mean performance of the algorithm on the Swimmer-Velocity environment
for different bag sizes K = {1, 8, 16, 64, 128}, after training for 1 million steps. Mean and 95% CIs over 5 seeds. We observe
that increasing the bag size (K) lead to a higher probability of finding preferred trajectories within the unlabeled bag. Thereby,
improving the algorithm’s safety performance while maintaining reasonable episode return.
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Figure 4: Sensitivity to Trajectory Length. We report the final mean performance of the algorithm on the Swimmer-Velocity
environment for different partial trajectory lengths H = {1, 5, 10}, after training for 1 million steps. Mean and 95% CIs over 5
seeds. For a sufficient bag size of 128, we observe that safety performance is stable across different trajectory lengths.

Sensitivity to Bag Size: We train the SafeMIL algorithm
with these different bag sizes, K = {1, 8, 16, 64, 128}, for
1M training steps and report the final performance in Fig. 3.
Based on Theorem 1, we expect that increasing the bag size
(K) would lead to a higher probability of finding preferred
trajectories within the unlabeled bag. Therefore, increasing
bag size would improve the algorithm’s safety performance
while maintaining reasonable episode return. As shown in
Fig. 3, as K increases, the safety performance also improves
(lower cost) and becomes stable after some bag size.

Sensitivity to Trajectory Length: To evaluate the effect of
trajectory length on our SafeMIL algorithm, we performed
experiments on the Swimmer-Velocity environments for suf-
ficiently large bag size (K = 128) with varying trajectory
length, H = {1, 5, 10}. The SafeMIL algorithm is trained
with these trajectory lengths for 1M training steps, and the
final performance results are summarized in Fig. 4. We ob-
serve that the safety performance is stable irrespective of the
trajectory length. This finding supports using partial trajec-
tories for training, as they offer a computationally efficient
alternative to utilizing full-length trajectories without com-
promising overall performance.

Effect of Different Weighing Scheme
This section analyzes the effect of different weighing
scheme in policy learning. Specifically, we want to verify
the algorithm’s performance when we define weights on in-

dividual state-action pair transitions instead of the entire tra-
jectory when learning the policy. Since ĉθ estimates the like-
lihood of a state-action pair being risky, then we can learn
the safe policy by defining the weight in the BC loss func-
tion at each state-action (s, a) pair as: (1 − ĉθ(s, a)). The
loss function is then defined as:

min
π

∑
(s,a)∈DU

(1− ĉθ(s, a))Lπ(s, a) (14)

We refer to this loss function as transition weighted BC loss
function and call equation 12 as trajectory weighted BC loss
function. Fig. 12, 13 (Burnwal, Bhatt, and Ravindran 2025)
reports the result of using transition and trajectory weighted
BC loss function to train safe policy. We observe that both
weighing schemes for policy learning have similar safety
and return performance for Swimmer-Velocity and Point-
Goal1 tasks.

Conclusion
This work introduces SafeMIL, an offline safe imitation
learning algorithm. We frame the problem of learning a cost
function as a MIL task. Based on the intuition that non-
preferred trajectories incur higher costs than unlabeled ones
on average, we learn the cost function that explains this in-
tuition. Subsequently, we employ this learned cost function
to identify preferred behavior and use it to learn safe policy.
The experiment demonstrates that SafeMIL can learn safer
policies in the constrained RL benchmarks.
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