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ABSTRACT: Robots perform diverse tasks in real-world scenarios. In safety-critical applications, robot control must
prioritize satisfying safety constraints in addition to achieving high performance. Offline safe reinforcement learning
avoids risky online exploration by training from a given dataset. However, most existing methods overlook two issues in
offline data. First, non-zero cost signals are typically sparse, which leads to inaccurate cost value estimates and makes it
difficult to impose effective safety constraints on the policy. Second, an imbalanced dataset biases policy learning toward
unsafe behaviors. To address these challenges, we propose an actor-critic method ARMOR (multi-scAle Reweighting
with Multi-task Offline cRitic). The multi-task critic treats reward, long-term cost, and short-term cost as multiple tasks,
learns shared representations to capture common state information, and leverages dense reward signals to stabilize
learning under sparse cost signals. To mitigate dataset imbalance, ARMOR performs counterfactual reasoning with
the short-term cost to upweight critical safe transitions near the risk boundary and assigns higher weights to low-
cost trajectories. It then performs multi-scale reweighting by combining transition-level and trajectory-level weights
to debias data distribution and emphasize safe demonstrations. The actor is parameterized by a conditional diffusion
policy and trained via weighted behavior cloning. ARMOR additionally incorporates a reward-guided objective and
a long-term cost constraint to improve the reward-cost trade-off. Extensive experiments on continuous-control robot
tasks show that ARMOR achieves competitive performance under safety constraints, with clear advantages in several
challenging environments. Furthermore, ARMOR exhibits zero-shot adaptation capability, making it suitable for
practical deployment.
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1 Introduction
Robot control is a key technology for autonomous systems. It is increasingly deployed in safety-critical

domains, including robotic surgery [1], industrial automation [2], and Automated Guided Vehicle (AGV)
transportation [3], where failures may cause serious harm. Therefore, ensuring safety satisfaction during
decision-making is a priority requirement for real-world deployment. Reinforcement learning (RL) has
received a great deal of attention in the field of robotic control [4], but online exploration can be unsafe and
expensive. Offline safe reinforcement learning (OSRL) addresses this concern by learning from fixed datasets
without risky interaction.

In OSRL, the offline dataset is collected by one or more behavior policies and consists of a set of
trajectories. Each trajectory is a sequence of transitions, each of which provides a reward signal and a cost
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signal. The reward quantifies task performance, while the cost represents safety violations, such as collisions,
damage, or entering hazardous regions. The objective of OSRL is to learn a policy that maximizes the
expected reward while satisfying a predefined cost limit.

Offline safe reinforcement learning faces two major challenges. Firstly, at the transition level, non-
zero cost signals are typically sparse because safety violations do not occur at every time step, as shown
in Fig. 1a. Consequently, cost value function learning is dominated by zero-cost samples, which leads to
the underestimation of cost estimates and further makes it difficult to enforce constraints during policy
optimization. Secondly, at the trajectory level, offline datasets are often imbalanced. Trajectories that satisfy
the cost limit are rare, which hinders the learning of safe policies, as shown in Fig. 1b. To quantify these
two challenges, we report dataset statistics for the public offline safe RL datasets released in [5]. The datasets
are collected by a suite of policies, which are trained with different cost constraints using various safe
RL algorithms. Table 1 reports the number of transitions, the non-zero cost transition rate Pnz, and the
feasible trajectory ratio Pfeas for each task, where feasible trajectories refer to trajectories whose cumulative
cost satisfies the safety constraint. These statistics directly confirm that sparse cost supervision and dataset
imbalance are pervasive in offline safe RL.
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Figure 1: Visualization of reward and cost for the AntRun task, based on the datasets in [5]. (a) Each point represents
(step, cost) or (step, reward) of a transition in an episode. (b) Each point represents (cost return, reward return) of a
trajectory in the dataset. Only data on the left side of the dashed line is feasible.

Table 1: Offline dataset statistics across tasks.

Tasks Transitions Pnz Pfeas Tasks Transitions Pnz Pfeas

Ant-Run 363,010 34.05% 8.04% PointGoal1 2,022,000 3.07% 45.25%
Ball-Run 94,000 48.68% 4.47% PointPush1 2,37,9000 5.31% 28.12%

Drone-Run 395,099 25.44% 23.42% PointButton1 2,268,000 7.67% 20.28%
Ant-Velocity 2,092,264 11.74% 8.18% CarCircle1 635,500 26.89% 7.39%

Walker2d-Velocity 2,121,658 12.33% 21.73% CarGoal1 1,671,000 4.32% 32.79%
HalfCheetah-Velocity 2,495,000 11.54% 8.86% CarPush1 2,871,000 5.55% 37.65%

PointCircle1 549,000 22.62% 12.57% CarButton1 2,656,000 10.85% 13.06%
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Accurate value estimation is a central challenge in offline reinforcement learning. Prior offline RL
methods mitigate value estimation errors through behavior-regularized policy learning that restricts actions
to the given data and conservative value estimation [6,7]. Building on these ideas, offline safe RL further
introduces a cost critic and optimizes a Lagrangian objective. Primal-Dual-Critic Algorithm (PDCA) runs
a primal-dual procedure over a critics-estimated Lagrangian [8]. Constrained Offline Policy Optimization
(COPO) applies an offline cost-projection with confidence bounds to better account for distributional
shift [9]. Other approaches explicitly handle out-of-distribution (OOD) behaviors for safety. Constraints
Penalized Q-Learning (CPQ) treats OOD actions as unsafe and updates the policy using only safe state-action
pairs [10]. Constraint-Conditioned Actor-Critic (CCAC) employs a constraint-conditioned variational
autoencoder with a classifier to generate and identify unsafe OOD data, and uses such samples to regularize
critics and policy learning [11]. Complementary to these, Lee et al. [12] proposed a method that optimizes
the policy in the stationary distribution space under conservative cost constraints. Variational Optimization
with Conservative Estimation (VOCE) utilizes variational formulations with pessimistic reward and cost
value estimation to reduce OOD extrapolation errors [13]. Despite these advances, most methods assume
that the dataset provides sufficiently informative cost supervision. In practice, sparse non-zero costs violate
this assumption, which biases cost value estimates and weakens constraint enforcement.

Imperfect datasets complicate safe offline RL because the data distribution can be dominated by
unsafe trajectories. Recent work attempts to reshape the offline distribution by generating or augmenting
data. Generative Trajectory Augmentation (GTA) augments trajectories by diffusion-based denoising with
guidance toward amplified returns, producing high-reward data [14]. AdaptDiffuser generates expert data
with reward-gradient guidance and selects high-quality data via a discriminator, iteratively finetunes the
diffusion planner [15]. For offline safe RL, trajectory classification partitions trajectories into desirable and
undesirable subsets, training a policy to generate desirable trajectories via classifier-provided desirability
scores [16]. OASIS, short for cOnditionAl diStributIon Shaping, employs a conditional diffusion model,
conditioning on reward and cost thresholds to reshape the offline distribution toward safer and more
rewarding regions [17]. SafeDiffuser embeds control barrier function constraints into the denoising process
to enforce safety specifications during diffusion-based data generation [18]. However, distribution debiasing
via data generation can be limited under severe dataset imbalance, since the generator is difficult to train and
may fail to reliably produce safe and informative samples.

Due to their ability to represent complex distributions, diffusion models have been explored for
offline decision-making by modeling policies as action generators [19]. In robotics, Chi et al. [20] generate
robot behavior by modeling visuomotor control as a conditional denoising diffusion process. Several
methods further incorporate safety into diffusion-based offline policies. Trajectory-based REal-time Budget
Inference (TREBI) transforms policy optimization into a trajectory distribution optimization problem, using
diffusion-based planning with dynamic cost budgets to guide action generation [21]. FeasIbility-guided
Safe Offline RL (FISOR) leverages reachability analysis to translate hard safety requirements into feasible-
region identification and derives an energy-guided diffusion formulation for weighted behavior cloning [22].
Constrained Diffusion Policy (CDP) maps diffusion samples onto a constrained manifold via a mirror
diffusion model, thereby generating actions that satisfy safety constraints [23]. In safety-critical autonomous
driving, Uncertainty-based Alternative Diffusion Policy (UADP) trains two alternative diffusion policies
with an ensemble Q critic and selects actions with lower uncertainty to reduce risk [24]. However, many
diffusion-based methods are trained by matching the offline data distribution and are thus sensitive to
dataset quality. Reliable improvement beyond the behavior policy is challenging, especially under sparse cost
supervision and severe dataset imbalance.
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To tackle these challenges, we propose ARMOR (multi-scAle Reweighting with Multi-task Offline
cRitic), an actor-critic method that integrates multi-scale distribution debiasing and a multi-task critic into
a conditional diffusion policy. ARMOR provides a generative offline control approach that jointly optimizes
task performance and safety. The main contributions are summarized as follows:

• We propose a multi-task critic with a shared trunk that treats reward, long-term cost, and short-term
cost as multiple tasks. The shared trunk learns shared representations to capture common state features,
leveraging dense reward feedback to enable more reliable value estimation under sparse non-zero
cost supervision.

• We present a multi-scale debiasing strategy that combines trajectory-level weighting with counterfactual
transition-level weighting to mitigate dataset imbalance. At the trajectory level, we upweight low-cost
trajectories. At the transition level, we assign transition weights by comparing short-term costs under
counterfactual action perturbations, emphasizing safety-critical transitions near the risk boundary.

• We incorporate the above designs into a conditional diffusion actor. The actor is trained with weighted
behavior cloning, augmented with a return-guided objective from the reward critic and a cost constraint
from the long-term cost critic to achieve a better reward-cost trade-off.

• We evaluate ARMOR on eight tasks across two standard robot control benchmarks. Results show that
ARMOR improves returns while satisfying cost limits and exhibits zero-shot adaptation.

2 Problem Formulation
We model safe reinforcement learning for continuous-control robotics using a Constrained Markov

Decision Process (CMDP) M = (S ,A, P, r, c, γ), where S is the state space, including variables like
velocities, body poses, and task-relevant quantities such as target and obstacle positions. The action space
A is typically continuous and corresponds to control commands, including torques, angular velocities,
or acceleration. The transition function P(st+1 ∣ st , at) represents the environment dynamics, determined
by physics and contact interactions. The reward function r ∶ S ×A → R quantifies task accomplishment,
such as forward progress, staying on a desired track, or reaching a goal. The cost function c ∶ S ×A → R≥0
quantifies safety violations that are critical in robot deployment, such as exceeding speed limits, leaving the
safe region, or collisions. we denote the realized reward and cost at time t as rt ≜ r(st , at) and ct ≜ c(st , at).
γ ∈ (0, 1) is a discount factor. The policy π(a ∣ s) maps the current state to a control action. Given a trajectory
τ = {st , at , rt , ct}T

t=0, the reward return and the cost return are defined as R(τ) = ∑T
t=0(γr)t rt and C(τ) =

∑T
t=0(γc)t ct , where we allow different discount factors for reward and cost.

In safe robotic control, the policy is required to maximize the reward return while satisfying a cost
constraint. Therefore, the CMDP objective can be written as:

max
π

Eτ∼π[R(τ)] s.t. Eτ∼π[C(τ)] ≤ d , (1)

where d is a prescribed cost limit.
Unlike the online setting, offline reinforcement learning assumes that the agent only has access to a

fixed dataset D = {τi}N
i=1 collected by one or several behavior policies πB(a∣s). Thus, the OSRL problem can

be formulated as using an offline dataset D to learn a policy π that satisfies Eq. (1).

3 Method
In this section, we present ARMOR (multi-scAle Reweighting with Multi-task Offline cRitic) as

illustrated in Fig. 2.
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Figure 2: ARMOR overview.

In order to represent the remaining cost budget at each steps, we first introduce the cost threshold
construction, where each transition is augmented with a cumulative cost. Then, we describe the proposed
multi-task critic with a shared trunk, which jointly learns reward, long-term cost and short-term cost.
The reward head guides performance optimization, the long-term cost head estimates cumulative cost
to ensure policy safety, and the short-term cost head captures imminent violations to highlight the risk
boundary. The shared trunk learns shared representations to ease risk representation learning, and PCGrad
mitigates gradient conflicts across multi-task. Next, we formulate multi-scale reweighting, which combines
trajectory-level debiasing with counterfactual transition-level weighting. Trajectory weights reshape the
effective training distribution toward low-cost behaviors. Counterfactual comparisons use the short-term
cost critic to identify transitions that are sensitive to small action perturbations. This focuses learning
on safety-critical transitions near the constraint boundary. Finally, we integrate these components into a
conditional diffusion actor, optimised through weighted behavior cloning, reward-guided improvement and
a Lagrangian penalty induced by the long-term cost critic. This setup allows for stable offline training and a
stronger reward-safety trade-off.

3.1 Cost Threshold Construction
Many previous methods typically distribute the cost limit across each time step either by discounting

or uniformly splitting the total, and use this distribution to determine constraint violations at each time
step. While this approach simplifies constraint evaluation, it introduces two main issues. First, safety cost
signals are often sparse, with ct being zero for most time steps. Distributing the cost limit uniformly across
steps fails to align with the true cumulative risk process. Second, the CMDP constraint is inherently based
on cumulative cost over a trajectory, and comparing step costs to step limits does not accurately reflect the
cumulative constraint, leading to potential bias in constraint evaluation.

ARMOR introduces κt to represent the cost threshold from the current time step to the trajectory
termination. Specifically, for any trajectory in the offline dataset, at time step t, we define the cumulative cost
from time step t to the trajectory’s end as the threshold for that step, i.e., κt = ∑T

k=t ck . κt dynamically changes
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over time, enabling a more accurate representation of the remaining cost budget at different stages within
a trajectory. This approach aligns more closely with the CMDP’s cumulative cost constraint and provides
consistent contextual information for critic and conditioned actor learning.

3.2 Multi-Task Critic
We transfer dense reward supervision to cost-related tasks via a shared representation, thereby reducing

the negative impact of cost sparsity. This design eases risk representation learning and improves feature gen-
eralization for value estimation. Moreover, by sharing features across objectives, ARMOR reuses supervision
more effectively, leading to more data-efficient value estimation in the offline setting.

Specifically, we formulate critic learning as multi-task representation learning. The critic takes
(st , κt , at) as input and outputs three action-values:

Qr(st , κt , at ; θr) ≈ E [
T
∑

k=0
(γr)krt+k ∣ st , κt , at , π] ,

Qcu(st , κt , at ; θcu) ≈ E [
T
∑

k=0
(γcu)k ct+k ∣ st , κt , at , π] , u ∈ {L, S}.

(2)

where Qr is the reward critic that estimates the expected return, QcL is the long-term cost critic that estimates
the expected cost, and QcS is the short-term cost critic that predicts imminent risk to identify safety-critical
transitions. The discount factors γr , γcL , and γcS correspond to the reward, long-term cost, and short-term
cost, respectively. γcS < γcL encourages the short-term head to emphasize imminent risk.

The critic is implemented as a shared trunk h = fψ(s, κ, a) followed by three task heads, each head
maintains two Q networks [25]. Following conservative design for offline learning, we use the minimum
reward estimate and the maximum cost estimate when constructing the Bellman targets. For a transition
(st , κt , at , rt , ct , st+1 , κt+1), let at+1 ∼ πϕ(⋅ ∣ st+1 , κt+1) be an action sampled from the current policy. The
targets are

yr = rt + γr mini∈{1,2}Qr , i(st+1 , κt+1 , at+1; θ−r ),

ycu = ct + γcu maxi∈{1,2}Qcu , i(st+1 , κt+1 , at+1; θ−cu), u ∈ {L, S}.
(3)

θ− denotes the target network. Each head is trained by a temporal difference (TD) loss:

L f = E(st ,κt ,at)∼D[(Q f (st , κt , at ; θ f ) − y f )
2] , f ∈ {r, cL , cS}. (4)

We jointly optimize all critic parameters θ = (ψ, θr , θcL , θcS). Learning multiple tasks simultaneously
may lead to gradient conflicts, and we empirically observe such conflicts during training (Appendix A).
To address the gradient conflicts across objectives, we apply PCGrad [26] to the gradients on the shared
trunk parameters. Specifically, we perform backpropagation for each task loss Li separately to compute the
corresponding gradients gi . Then, for each head i, we calculate the gradient inner product gi ⋅ g j with other
heads j. If the inner product is positive, the gradient remains unchanged. If the inner product is negative, we
project gi onto the orthogonal space of g j (Fig. 3):

gi ← gi −
gi ⋅ g j

∥g j∥2 g j . (5)
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(a) (b) (c) (d)

Figure 3: Multi-task gradients and PCGrad. (a) Gradient conflicts arise between tasks i and j as well as i and k, while
the gradients of tasks j and k do not conflict; (b–d) Illustrate the PCGrad for each task.

Intuitively, when the gradients of two heads conflict, we subtract the conflicting component from the
original gradient. After completing the gradient projection for all heads, we average the corrected gradients
to obtain the joint gradient used for updating the shared trunk.

3.3 Multi-Scale Reweighting
Offline safe reinforcement learning is often limited by data distribution. Under strict constraints,

few trajectories satisfy the safety requirements, resulting in an imbalanced training distribution. ARMOR
addresses this issue by reshaping the training distribution with multi-scale weights, including trajectory-level
weighting to correct behavioral bias and transition-level weighting to emphasize safe transitions near the
constraint boundary.

Trajectory-level debiasing. For each trajectory τi ∈ D, we compute its cumulative cost Ci = ∑t∈τi ct
and assign

wtraj
i = 1 + β ⋅ I[Ci ≤ d], (6)

where β > 0 controls how strongly the training emphasizes low-cost trajectories, and I[⋅] denotes the
indicator function that equals 1 if the condition in the brackets is satisfied. All transitions within τi inherit
the same wtraj

i , which biases learning toward feasible behaviors without discarding unsafe trajectories, thus
preserving diversity and coverage.

The trajectory weight can be regarded as an importance shift toward feasible trajectories. Let
ν(τ) denote the dataset distribution over trajectories in D. Define the feasible set F = {τ ∶ C(τ) ≤ d},
and let p = ν(F), where p ≪ 1 typically holds under data imbalance. With trajectory-level debiasing,
define the weight function wtraj(τ) = 1 + β I[τ ∈ F] and the induced reweighted distribution νβ(τ) =
(wtraj(τ)ν(τ))/Eτ∼ν[wtraj(τ)]. Then the probability mass of feasible trajectories under νβ is νβ(F)
= ((1 + β)p)/((1 + β)p + (1 − p)), which is strictly increasing in β for 0 < p < 1. Moreover, letting C̄F =
Eτ∼ν[C(τ) ∣ τ ∈ F] and C̄U = Eτ∼ν[C(τ) ∣ τ ∉ F], we obtain

Eτ∼νβ [C(τ)] = (1 + β)p C̄F + (1 − p)C̄U

(1 + β)p + (1 − p) , d
dβ

Eτ∼νβ [C(τ)] = p(1 − p)(C̄F − C̄U)
((1 + β)p + (1 − p))2 . (7)

Since C̄F < C̄U , increasing β strictly decreases Eτ∼νβ[C(τ)], i.e., Eq. (6) performs an importance shift
toward safe behaviors.

Counterfactual transition reweighting. It is not possible to judge the quality of all transitions based
only on trajectory cost, since high-cost trajectories may also contain critical decision transitions. We there-
fore introduce a transition-level counterfactual weight that highlights critical safe transitions near the risk
boundary, where the observed action is safe, but small local perturbations could lead to constraint violations.
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For each transition (st , at , κt), we sample K perturbed actions a(k)
t = clip(at+ ε(k), amin, amax) with

ε(k)∼ N (0, σ 2I), and evaluate them using the short-term cost critic. We define a counterfactual safety margin

mt = [ max
k=1, . . . ,K

QcS(st , κt , a(k)
t ) − κt]

+
⋅ I [QcS(st , κt , at) ≤ κt] , (8)

where [⋅]+ denotes the positive-part operator. This margin becomes large when the current action is predicted
safe but nearby actions can be unsafe. We then map mt to a bounded weight via normalization and clipping:

wcf
t = min(1 + mt

E[m] + ε
, wmax) , (9)

where ε is a constant used to avoid division by zero.E[m] is estimated as the mean safety margin over a mini-
batch, i.e.,E[m] ≈ 1

∣B∣ ∑t∈B mt , where B is a mini-batch of transitions sampled from the datasetD. Intuitively,
for an action that is considered safe, if a small perturbation leads to a constraint violation, it indicates that
the transition is near the risk boundary and the current action has successfully avoided the risk. In this case,
we assign a larger value to wcf

t , guiding the algorithm to focus on learning state-action pairs that are near the
boundary but still safe.

The final weight is obtained by combining the two scales after normalization and clipping:

wt = clip
⎛
⎝

wtraj
i wcf

t

E[wtraj
i wcf

t ] + ε
, wmin, wmax

⎞
⎠

, t ∈ τi . (10)

These weights are used to reweight the actor’s behavior cloning loss, explicitly injecting safety-aware
data preference from the distribution side rather than only relying on penalties in the objective.

Since wcf
t relies on an evolving cost critic, we enable multi-scale reweighting after a warmup phase and

periodically refresh the weights, while applying exponential moving average (EMA) smoothing to reduce
weight oscillations.

3.4 Conditional Diffusion Actor
Diffusion models exhibit strong expressive capacity for modeling complex data distributions. ARMOR

parameterizes the actor as a conditional diffusion policy. This formulation provides a unified framework
for weighted behavior cloning, policy improvement based on the critic, and explicit safety constraint.
Specifically, the policy generates actions at conditioned on (st , κt).

We follow the DDPM [27] on the action space. Let a0
t denote the dataset action and define a forward

noising process

q(an
t ∣ a0

t ) = N (an
t ;

√
ᾱn a0

t , (1 − ᾱn)I) , (11)

where n = 1, . . . , N , {αn}N
n=1 is the noise schedule, and ᾱn = ∏n

i=1 αi . The denoising process is parameterized
by a conditional distribution:

pϕ(an−1
t ∣ an

t , st , κt) = N (an−1
t ; μϕ(an

t , st , κt , n), Σϕ(an
t , st , κt , n)) , (12)

where ϕ represents the parameters of the policy network. On the offline dataset D, the diffusion policy learns
the behavior distribution through noise regression, attempting to recover the actions as accurately as possible



Comput Mater Contin. 2026;88(1):67 9

given (st , κt). Let ε̂ϕ(an
t , st , κt , n) be the network’s predicted noise, and ε∼ N (0, I) be the true noise. The

weighted diffusion behavior cloning loss is given by

LBC(ϕ) = E(st ,a0
t ,κt)∼D[wt ∥ε̂ϕ(an

t , st , κt , n)− ε∥2
2] , (13)

where wt is the weights used to emphasize safe samples. This term ensures that the policy update does
not deviate from the distribution supported by the offline data, providing a optimization foundation for
subsequent value guidance and safety constraints.

Behavior cloning typically fails to produce a policy that outperforms the dataset. To address this, we
introduce a policy improvement objective based on the reward value function. Specifically, we sample actions
aπ

t ∼ πϕ(⋅ ∣ st , κt) from the current diffusion policy and use the reward critic Qr(st , κt , aπ
t ) to drive the policy

towards higher return actions.
At the same time, policy improvement must satisfy cost constraints. We use the long-term cost critic

QcL(st , κt , aπ
t ) to evaluate the expected cost of the action, with the cost threshold κt serving as the upper

bound for the feasible domain.
Considering all of the above, the optimization of the actor can be formulated as a constrained problem:

min
ϕ

LBC(ϕ) − ηE(st ,κt)∼D ,aπ
t ∼πϕ [Qr(st , κt , aπ

t )] s.t. E(st ,κt)∼D ,aπ
t ∼πϕ [QcL(st , κt , aπ

t )] ≤ κt , (14)

where η > 0 is the reward guidance coefficient. This formulation clearly captures the optimization logic of the
proposed method by maximizing reward while maintaining diffusion-based behavior cloning constraints
and ensuring cost feasibility. The constraint QcL(st , κt , aπ

t ) ≤ κt can be interpreted as a practical surrogate
for the original CMDP cost bound. The intuition is that QcL estimates the future cumulative cost, while
κt represents the remaining cost budget. Therefore, enforcing QcL(st , κt , aπ

t ) ≤ κt is directly analogous to
enforcing that the cumulative cost should remain below the cost limit. Under accurate cost estimation and
sufficient data coverage, this surrogate is aligned with controlling the cumulative cost along the trajectory.

We transform this constrained problem into an unconstrained optimization by applying Lagrangian
relaxation. By introducing the dual variable λ(κt), we obtain the actor objective:

L(ϕ) = LBC(ϕ) − ηE [Qr(st , κt , aπ
t )] +E [λ(κt) (QcL(st , κt , aπ

t ) − κt)] , (15)

where λ(⋅) is parameterized by a small network. In this minimization objective, when the predicted cost
exceeds the threshold, the penalty term pushes the policy away from high-risk actions. When the constraint
is satisfied, the penalty weakens, allowing reward-driven policy improvement to take effect. The dual network
is updated through approximate dual ascent, and its loss is given by:

Lλ = −E(st ,κt)∼D ,aπ
t ∼πϕ [λ(κt)(QcL(st , κt , aπ

t ) − κt)] . (16)

Eqs. (15) and (16) define a standard primal–dual optimization of a Lagrangian relaxation. The actor
minimizes a behavior-regularized objective with reward guidance and a Lagrangian penalty, while the dual
variable is updated by approximate dual ascent. The multi-scale weights are normalized and clipped to
prevent extreme gradient amplification. These design choices empirically stabilize training and are consistent
with common convergence conditions for stochastic primal-dual methods such as bounded stochastic
gradients and suitably chosen step sizes. We report the evolution of λ(κt) across tasks in Appendix B Fig. A1,
which empirically supports the stability of the primal-dual optimization.
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3.5 Deployment of ARMOR on Robotic Systems
ARMOR trains a conditional diffusion model that is deployed on a robotic system to enable autonomous

control. The robot acquires its current state st through sensors at each time step. The cost threshold κ is
set to the predefined cost limit d initially, and is updated after each action based on the incurred cost. The
robot uses the current state and cost threshold to determine the action. After executing the action, the robot
updates its state and computes the new cost threshold, completing a feedback loop that allows for closed-loop
control. Due to the design of ARMOR, this process ensures that the robot balances task performance with
safety constraints.

4 Experiments
We evaluate ARMOR on the public benchmarks. In addition to the main comparison against represen-

tative baselines, we conduct an ablation study to quantify the contributions of the proposed multi-task critics
and multi-scale reweighting, and perform sensitivity analyses on hyperparameters of the diffusion policy
and the reweighting scheme. Furthermore, we demonstrate the zero-shot adaptation capability of ARMOR
to different cost limits without retraining.

4.1 Environments
We conduct experiments on continuous-control robotic tasks using the public bench-

marks Bullet-Safety-Gym [28] and Safety-Gymnasium [29], which are commonly used in
previous works.

InBullet-Safety-Gym, we focus on theRun task with three robot types:Ant, Ball, andDrone.
In this task, the agent is rewarded for traversing a corridor between two boundaries at high speed, while
crossing the boundaries or exceeding the velocity limit incurs penalties (Fig. 4a).

(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 4: Tasks in Bullet-Safety-Gym and Safety-Gymnasium. (a) Run; (b) AntVelocity;
(c) Walker2dVelocity; (d) HalfCheetahVelocity; (e) Circle; (f) Goal; (g) Push; (h) Button.
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In Safety-Gymnasium, we consider two groups of tasks: the Velocity group and
the Navigation group. In the Velocity group, the Ant, Walker2d, and HalfCheetah robots
are used for tasks, where the objective is to maximize forward displacement and a cost is incurred when
overspeed (Fig. 4b–d).

The Navigation group includes tasks Circle, Goal, Push, and Button with Point and Car
robots (Fig. 4e–h). In Circle, clockwise motion along a circular track yields reward, whereas leaving the
boundary-defined safe region produces a cost. In Goal, the agent navigates toward a target location while
avoiding traps and preventing collisions with hazardous objects. In Push, the agent must push a box to the
goal while steering around obstacles and avoiding traps. In Button, the agent must tap the correct target
button among multiple buttons, and entering traps or collisions with moving obstacles trigger a cost.

4.2 Baselines
To provide a comprehensive evaluation, we compare ARMOR with the following offline baselines. This

allows us to assess ARMOR from multiple perspectives, including whether it improves over behavior cloning,
how it compares with representative Q-learning methods under sparse cost supervision, what additional
benefits it brings within generative policy learning, and whether it can surpass data-generation approaches
without relying on additional synthesized data.

• Imitation Learning: BC, behavior cloning that imitates trajectories in the datasets.
• Q-Learning-Based Algorithms: BCQL, a Lagrangian-based extension of BCQ [6]; CPQ [10], a

Q-learning method that identifies Out Of Distribution (OOD) actions as unsafe and learns policies with
safe transitions.

• Generative Modeling Algorithm: FISOR [22], a feasibility-guided method with a diffusion model.
• Data Generation Algorithms: OASIS [17], which employs a conditional diffusion model to generate

datasets and guides the data distribution towards a target domain; CCAC [11], which generates and
identifies unsafe OOD data to train adaptive safe policies.

4.3 Metrics
Our evaluation metrics include the normalized cost return and the normalized reward return.

Rnormalized = Rπ − Rmin

Rmax − Rmin
, Cnormalized = Cπ

d
, (17)

where Rπ is the reward return of the policy π, Rmax and Rmin are the maximum and minimum reward returns
within the given dataset, respectively. Cπ is the cost return of the policy π, and d is the cost limit. A policy is
safe if Cnormalized ≤ 1, and we pursue a higher reward return under this constraint.

According to difficulty, the cost limit is set to 5 for all Bullet-Safety-Gym tasks.
For Safety-Gymnasium, Velocity tasks have their cost limits set to 10, and other tasks are set
to 20. Table 2 lists the key hyperparameters. For a fair comparison, the common hyperparameters are
kept consistent across methods, while method-specific hyperparameters are set according to the official
implementations. More implementation details can be found in Appendix B.

Table 2: Key hyperparameters for ARMOR.

Hyperparameter Value Hyperparameter Value
Training steps 200,000 Reweighting warmup steps 20,000

(Continued)
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Table 2 (continued)

Hyperparameter Value Hyperparameter Value
Diffusion denoising steps N 20 Reweighting EMA coefficient 0.3

Actor learning rate 1 × 10−4 Reweighting interval 5000

Critic learning rate 1 × 10−3 Trajectory weight control
coefficient β 0.5

Batch size 512 Counterfactual samples K 8

Discount factors (γr , γcL , γcS) (0.99, 0.99, 0.3) Counterfactual noise std σ 0.1

Reward guidance coefficient η 1 Reweighting clip range
[wmin, wmax]

[0.8, 2.0]

4.4 Overall Performance
Table 3 reports the normalized return and normalized cost of all methods across three task groups.

Table 3: Evaluation results of the normalized reward and cost. Each value is averaged over 20 evaluation episodes and
3 seeds. Gray: Unsafe agents. Black: Safe agents. Blue: Safe agents with the highest reward.

Tasks Metric BC BCQL CPQ OASIS FISOR CCAC ARMOR

Ant-Run reward 0.67 ± 0.04 0.54 ± 0.09 0.07 ± 0.02 0.24 ± 0.03 0.17 ± 0.01 0.12 ± 0.01 0.19 ± 0.03
cost 7.40 ± 0.25 1.55 ± 0.79 0.01 ± 0.01 0.17 ± 0.09 0.00 ± 0.01 0.00 ± 0.00 0.17 ± 0.11

Ball-Run reward 0.37 ± 0.16 0.21 ± 0.03 0.31 ± 0.01 0.30 ± 0.00 0.26 ± 0.01 0.31 ± 0.01 0.20 ± 0.04
cost 5.41 ± 3.23 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.00 ± 0.00 0.59 ± 0.99

Drone-Run reward 0.60 ± 0.08 0.48 ± 0.08 0.42 ± 0.08 0.38 ± 0.03 0.09 ± 0.02 0.22 ± 0.22 0.53 ± 0.04
cost 7.81 ± 6.54 8.55 ± 2.20 0.00 ± 0.00 2.42 ± 0.96 7.41 ± 1.31 4.29 ± 3.73 0.59 ± 0.58

Ant-Velocity reward 0.96 ± 0.03 1.00 ± 0.01 −1.01 ± 0.00 0.94 ± 0.04 0.57 ± 0.03 −1.01 ± 0.01 0.71 ± 0.06
cost 19.74 ± 4.62 15.77 ± 3.63 0.00 ± 0.00 4.24 ± 1.12 0.00 ± 0.00 0.00 ± 0.00 0.89 ± 0.11

Walker2d-
Velocity

reward 0.73 ± 0.11 0.71 ± 0.01 0.12 ± 0.03 0.54 ± 0.33 0.07 ± 0.02 0.34 ± 0.24 0.75 ± 0.03
cost 5.55 ± 1.81 0.03 ± 0.06 4.98 ± 2.06 0.88 ± 0.97 0.24 ± 0.10 6.04 ± 5.66 0.98 ± 0.69

HalfCheetah-
Velocity

reward 0.94 ± 0.03 0.72 ± 0.12 0.30 ± 0.23 0.22 ± 0.09 0.65 ± 0.07 0.87 ± 0.01 0.20 ± 0.03
cost 12.35 ± 9.20 0.06 ± 0.05 6.66 ± 7.35 0.00 ± 0.01 0.00 ± 0.00 0.94 ± 0.02 0.01 ± 0.02

PointCircle1 reward 0.77 ± 0.03 0.17 ± 0.07 0.70 ± 0.04 −0.18 ± 0.10 0.21 ± 0.05 0.53 ± 0.08 0.33 ± 0.10
cost 7.91 ± 0.86 0.70 ± 0.39 10.61 ± 0.56 0.96 ± 1.03 12.03 ± 1.04 3.79 ± 0.81 0.55 ± 0.09

PointGoal1 reward 0.59 ± 0.05 0.64 ± 0.02 0.68 ± 0.18 0.43 ± 0.02 0.07 ± 0.03 0.76 ± 0.04 0.33 ± 0.07
cost 1.96 ± 0.20 1.82 ± 0.10 2.95 ± 0.71 2.18 ± 0.52 0.26 ± 0.36 2.69 ± 0.39 0.87 ± 0.21

PointPush1 reward 0.19 ± 0.01 0.25 ± 0.04 0.06 ± 0.09 0.01 ± 0.01 0.10 ± 0.03 0.07 ± 0.22 0.17 ± 0.02
cost 1.75 ± 1.42 1.25 ± 0.35 1.35 ± 1.36 0.59 ± 0.92 0.32 ± 0.20 1.30 ± 0.34 0.77 ± 0.34

PointButton1 reward 0.14 ± 0.06 0.21 ± 0.02 0.73 ± 0.04 0.05 ± 0.02 −0.03 ± 0.03 0.68 ± 0.04 0.07 ± 0.02
cost 2.16 ± 0.85 3.38 ± 0.87 7.13 ± 0.55 4.19 ± 0.33 0.27 ± 0.19 6.88 ± 0.98 0.81 ± 0.07

CarCircle1 reward 0.72 ± 0.01 0.74 ± 0.02 0.74 ± 0.12 −0.42 ± 0.02 0.40 ± 0.02 0.23 ± 0.31 0.29 ± 0.08
cost 9.82 ± 0.32 9.71 ± 1.03 10.51 ± 1.44 15.17 ± 3.02 1.51 ± 0.54 9.36 ± 6.87 0.84 ± 0.61

CarGoal1 reward 0.42 ± 0.07 0.42 ± 0.04 0.78 ± 0.04 −0.14 ± 0.07 −0.01 ± 0.01 0.82 ± 0.02 0.35 ± 0.05
cost 1.19 ± 0.19 1.35 ± 0.04 2.01 ± 0.28 0.74 ± 0.38 0.00 ± 0.00 2.72 ± 0.05 0.73 ± 0.33

(Continued)
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Table 3 (continued)

Tasks Metric BC BCQL CPQ OASIS FISOR CCAC ARMOR

CarPush1 reward 0.18 ± 0.04 0.22 ± 0.02 −0.16 ± 0.36 −0.92 ± 0.15 0.11 ± 0.02 −0.16 ± 0.48 0.20 ± 0.03
cost 0.59 ± 0.31 1.18 ± 0.14 1.58 ± 0.59 0.02 ± 0.03 0.18 ± 0.10 0.91 ± 0.60 0.72 ± 0.22

CarButton1 reward −0.04 ± 0.03 0.07 ± 0.01 0.40 ± 0.07 −0.30 ± 0.06 −0.17 ± 0.10 0.38 ± 0.05 0.09 ± 0.02
cost 2.11 ± 1.18 1.78 ± 0.34 19.57 ± 2.67 1.97 ± 0.38 0.21 ± 0.14 19.56 ± 2.80 1.68 ± 0.13

Overall, ARMOR satisfies the cost constraint in most environments while attaining competitive returns.
Furthermore, it demonstrates a distinct advantage in more challenging scenarios, where the environment
is more complex. This outcome is primarily attributed to the reweighting mechanism, which reshapes
the training distribution to emphasize safer and more informative transitions, aligning critic evaluation
and diffusion policy learning. In addition, the shared representation provides a common feature basis for
multiple critic heads, reducing reliance on sparse cost signals and improving the stability and accuracy of
value estimation. For tasks with explicit goals, we further report success rate alongside normalized cost
in Appendix C (Table A2).

BCQL employs a Lagrangian approach to balance performance and safety, whereas CPQ adopts a
conservative update rule and updates the value function only on state action pairs classified as safe. However,
neither method explicitly addresses distribution bias in offline data. When the proportion of safe samples in
the dataset is low, the available supervisory signal becomes insufficient, which hinders learning policies that
satisfy safety constraints while maintaining performance. OASIS synthesizes training data using reward and
cost models, an inverse dynamics model, and a conditional diffusion generator. Since this pipeline involves
multiple learned components, modeling errors introduced at any stage can propagate through subsequent
data generation and policy optimization, which can degrade the resulting policy and increase the likelihood
of constraint violations. CCAC updates the cost critic conservatively using augmented data to improve
the reliability of constraint estimation, but it does not account for the potential sparsity of cost signals.
When cost is sparse, the cost critic may fail to converge to an accurate estimate, which weakens constraint
guidance during policy optimization and limits the ability to provide consistent safety guarantees. FISOR
tends to enforce feasibility more strictly, yet in some tasks it yields very low even negative normalized return,
suggesting that it may converge to overly conservative policies that are undesirable in offline safe RL.

We observe that ARMOR does not satisfy the cost constraint on CarButton1. Several baselines also
violate the constraint on this environment, indicating that the dataset coverage and the sharp constraint
boundary make it challenging for offline methods. While FISOR satisfies the constraint on CarButton1,
its normalized return is negative, implying an extremely conservative policy. This behavior is not aligned
with the goal of offline safe RL, which seeks both feasibility and high utility.

4.5 Ablation Study
We conduct ablation experiments to evaluate the effectiveness of each component in ARMOR. We

consider the following variants: (i) w/o Reweighting: removing both trajectory-level and counterfactual
reweighting by setting wt ≡ 1; (ii) w/o multi-critic: replacing the multi-task critic with three independent
critics and disabling PCGrad; (iii) w/o multi-critic+reweighting: keeping only the conditional diffusion
actor and removing both the multi-task critic and reweighting; (iv) w/o diffusion: replacing the diffusion
actor with a simple Gaussian policy; (v) w/o warmup+EMA: disabling the reweighting warmup and the
exponential moving average used to smooth counterfactual weights; (vi) w/o PCGrad: removing PCGrad
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in the shared critic trunk; (vii) w/o multi-cost-critic: replacing the multi-term cost critic with a single-head
cost critic that has multi-horizon targets; (viii) armor: the full method.

Fig. 5 summarizes the ablation results on Navigation tasks. Since offline safe RL prioritizes con-
straint satisfaction before return maximization, we primarily analyze the normalized cost. armor achieves
the lowest cost on three of four tasks and maintains competitive returns. Removing multi-scale reweighting
leads to higher normalized cost, indicating that reshaping the training distribution is crucial for safety under
offline data limitations. Ablating the multi-task critic also harms feasibility, suggesting that jointly learning
reward and multi-horizon costs with conflict-aware optimization produces more reliable value estimates
for policy learning. Removing both the multi-task critic and reweighting results in poorer performance in
constraint satisfaction, highlighting that conditional generation alone is insufficient. Replacing the diffusion
actor with a simple Gaussian policy causes constraint violation in most tasks, showing that the representation
capacity of the diffusion model is indispensable. Disabling the reweighting warm-up and EMA tends to cost
increases due to inaccurate value estimation during the initial training phase and unstable weights. Removing
PCGrad and multi-term cost critic degrades constraint satisfaction, demonstrating the need to mitigate
gradient interference in the shared critic and to capture both long-term and short-term safety signals.

Figure 5: Ablations on Navigation tasks. The dashed line represents the normalized cost limit.

4.6 Hyperparameter Choices
We study the sensitivity of ARMOR to three important hyperparameters: the diffusion denoising steps

N, the clipping range [wmin, wmax] used in multi-scale reweighting and the discount factor γcS for the short-
term cost critic.

The denoising steps N control the granularity of the reverse diffusion process and thus affect both the
expressiveness of the action generator and the inference cost. We sweep N ∈ {10, 20, 30} and plot the training
curves of normalized return and normalized cost in Fig. 6. We observe that larger N typically yields smoother
curves with reduced variance, consistent with the intuition that finer denoising improves sampling stability.
However, larger N increases inference time. Considering the trade-off between performance and runtime,
we use N = 20 as the default setting in all main experiments.
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Figure 6: Effect of diffusion denoising step N during training. We report mean ± std across 3 seeds for (a) normalized
return and (b) normalized cost.

We evaluate three clipping ranges for weights: [0.9, 1.5], [0.8, 2.0], and [0.6, 2.5]. A smaller lower bound
suppresses gradients from low-confidence transitions more aggressively, but may reduce effective coverage
and harm generalization. A larger upper bound emphasizes high-weight transitions, but may increase train-
ing instability and overfitting risk. Fig. 7 shows that the three ranges lead to broadly similar learning curves,
suggesting that ARMOR is not overly sensitive to moderate clipping changes. We further demonstrated the
performance of different clipping ranges during evaluation (Table 4), and selected [0.8, 2.0] as the robust
default range.

Figure 7: Effect of the weight clipping range [wmin, wmax] during training. We report mean ± std across 3 seeds for
(a) normalized return and (b) normalized cost.

Table 4: Evaluation results of clipping range.

Clipping Range [0.9, 1.5] [0.8, 2.0] [0.6, 2.5]
reward 0.38 ± 0.10 0.33 ± 0.10 0.33 ± 0.09

cost 0.89 ± 0.27 0.55 ± 0.09 0.62 ± 0.12

The short-term cost discount γcS sets the temporal scope of the short-term cost critic QcS , and conse-
quently controls how counterfactual reasoning identifies near-boundary transitions for reweighting. When
γcS is too small, the short-term cost target approaches to the immediate cost. Since costs are typically sparse
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and the cost threshold κt aggregates future costs, the counterfactual margin maxk=1, . . . ,K QcS(st , κt , a(k)
t ) −

κt becomes positive less frequently, making the counterfactual weights degenerate toward 1. In contrast,
when γcS is too large, QcS becomes less specialized for imminent risk, which blurs the risk boundary and
weakens the emphasis on critical safe transitions. We sweep γcS ∈ {0.1, 0.3, 0.5, 0.7} and report the average
normalized reward and normalized cost in Table 5. γcS = 0.3 yields a strong reward-cost balance across tasks,
achieving best reward while maintaining competitive normalized cost. Because of this, we use γcS = 0.3 as
the default setting.

Table 5: Evaluation results of different short-term cost discount factor. Gray: Unsafe agents. Black: Safe agents. Blue:
Safe agents with the highest reward.

Task 0.1 0.3 0.5 0.7

Reward Cost Reward Cost Reward Cost Reward Cost
Drone-Run 0.51 3.16 0.53 0.59 0.47 0.61 0.52 0.97
Ant-Velocity 0.65 0.74 0.71 0.89 0.58 0.73 0.63 0.76
PointCircle 0.28 0.57 0.33 0.55 0.29 0.54 0.26 0.55

4.7 Zero-Shot Adaptation
Another advantage of our approach is that it can adapt to different cost limits without retraining. In

ARMOR, the cost limit is explicitly used when constructing the trajectory-level weights, so training with
different limits induces policies with distinct safety-performance preferences. To examine generalization
under changing constraints, we train two policies with cost limits of 15 and 30, and evaluate each policy
under multiple limits {15, 20, 25, 30}, which cover both tightened and relaxed constraints. As shown in Fig. 8,
ARMOR exhibits zero-shot adaptability when the constraint is relaxed. Even when the constraint is tightened,
it maintains safety on most tasks, indicating robust safety control without fine-tuning. This performance
arises from treating the dynamically updated constraint as an explicit input during training, which enables
zero-shot adaptation to new cost limits. We further compare against CCAC trained with a cost limit of 15.
While CCAC can generalize in some simpler tasks, it struggles on more challenging tasks and fails to achieve
safe decision-making even under relaxed limits.

Figure 8: Zero-shot adaptation across cost limits. The dashed line represents the cost limit.

5 Conclusions
We propose ARMOR, a conditioned diffusion policy augmented with multi-scale reweighting and a

multi-task critic. ARMOR learns a shared representation via the multi-task critic to enable reliable value
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estimation. In addition, multi-scale reweighting is introduced to the conditional diffusion policy objective,
which injects safety constraints from the data distribution. Experiments demonstrate that ARMOR achieves
strong performance under cost constraints across multiple continuous-control robotics tasks. A practical
limitation of ARMOR is its real-time inference overhead (Appendix C, Table A3), since diffusion-based
action generation requires multi-step denoising for each decision. A further limitation is that the current
study assumes accurate reward and cost signals, and does not consider noisy supervision that may arise in
practical deployment. Future work could focus on accelerating inference and improving robustness to noisy
feedback, which is essential for deploying ARMOR in real-world robotic systems.
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Appendix A Gradient Conflict Statistics

To examine whether gradient conflict is common, we measure the cosine similarity between the
gradients induced by the three critic heads. At each training step, we compute cosine similarities for each
of the three head pairs and count the number of pairs whose cosine similarity is negative. Table A1 reports
the fraction of conflicting pairs for each task. The results indicate that gradient conflict is non-negligible.
Gradient conflict occurs in roughly half of the training steps, and the case of two conflicting pairs arises
frequently. This pattern is expected because the critic optimizes one reward objective and two cost objectives,
while reward-driven gradients often compete with cost-driven gradients. Overall, these statistics support the
motivation for applying PCGrad in the shared critic trunk to mitigate destructive interference among reward
and multi-term cost learning.

Table A1: Gradient conflict statistics for PCGrad. Entries report the fraction of training steps with 0/1/2/3 critic-head
pairs exhibiting negative gradient cosine similarity.

Tasks 0 1 2 3
PointCircle1 53.782% 22.137% 23.997% 0.085%
PointGoal1 49.634% 7.529% 42.832% 0.006%
PointPush1 49.619% 7.095% 43.280% 0.006%

PointButton1 49.373% 9.987% 40.631% 0.009%
Average 50.602% 11.687% 37.685% 0.026%
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Figure A1: Evolution of the dual variable λ(κt) during training.

Appendix B Implementation Details

The diffusion actor uses an MLP denoiser conditioned on state st , cost threshold κt , and diffusion
timestep n. The cost condition embedding uses a 3-layer MLP, and the timestep uses sinusoidal positional
embedding. The denoiser takes the concatenation of the noisy action, the state, and the two embeddings as
input, then applies a 3-layer MLP trunk of width 256 with Mish activations, followed by a linear projection
to the action dimension. The actor is optimized using Adam with learning rate 1 × 10−4.

We employ a multi-task critic with a shared MLP trunk and three task-specific heads. The critic input
concatenates the state, the cost threshold, and the action [st ; κt ; at]. The shared trunk is a 2-layer MLP with
hidden sizes 256 and Mish activations. Each task head is a 2-layer MLP with hidden size 128 and Mish
activations, outputting a scalar Q-value. We use a target critic to soft update at every training step: θtarg ←
τθ + (1 − τ)θtarg, where τ = 0.005. The critic is optimized using Adam with learning rate 1 × 10−3.

The dual variable is implemented as a MLP that takes the cost threshold κt as input. To ensure λ(κ) ≥ 0,
we treat the network output as log λ and compute λ = exp(clip(log λ, −20, 5)). The MLP has two hidden
layers of width 256 with ReLU activations. We use Adam with learning rate 1 × 10−4. The dual network is
optimized jointly with the actor and is updated once per training step.

We report the evolution of the learned dual variable λ across tasks in Fig. A1. As described in Eqs. (15)
and (16), λ increases when the predicted long-term cost exceeds the threshold and decreases otherwise,
thereby adjusting the penalty strength. The curves quickly increase in early training and then stabilize, which
empirically supports the numerical stability of the primal-dual optimization.

Appendix C More Experiment Results

For tasks with explicit goals, such as Goal, Push, and Button, we report success rate together with
normalized cost to assess performance under safety constraints. Success is defined by the environment-
provided success signal for reaching the goal, and the success rate is computed over 20 evaluation episodes.
As shown in Table A2, all results are reported as the mean ± std across 3 seeds. Overall, the conclusions
drawn from success rate are broadly consistent with those based on normalized return in Table 3. ARMOR
achieves high success rates while satisfying the safety constraint on most tasks, demonstrating a favorable
safety-performance trade-off.
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Table A2: Evaluation results of success rate and normalized cost. Gray: Unsafe agents. Black: Safe agents. Blue: Safe
agents with the highest success rate.

Tasks Metric BC BCQL CPQ OASIS FISOR CCAC ARMOR

PointGoal1 success rate 0.97 ± 0.06 0.97 ± 0.03 0.78 ± 0.18 0.97 ± 0.03 0.53 ± 0.15 1.00 ± 0.00 1.00 ± 0.00
cost 1.96 ± 0.20 1.82 ± 0.10 2.95 ± 0.71 2.18 ± 0.52 0.26 ± 0.36 2.69 ± 0.39 0.87 ± 0.21

PointPush1 success rate 0.67 ± 0.03 0.62 ± 0.28 0.18 ± 0.18 0.00 ± 0.00 0.37 ± 0.12 0.47 ± 0.36 0.77 ± 0.08
cost 1.75 ± 1.42 1.25 ± 0.35 1.35 ± 1.36 0.59 ± 0.92 0.32 ± 0.20 1.30 ± 0.34 0.77 ± 0.34

PointButton1 success rate 0.65 ± 0.05 0.90 ± 0.05 0.83 ± 0.14 0.57 ± 0.08 0.23 ± 0.03 1.00 ± 0.00 0.77 ± 0.16
cost 2.16 ± 0.85 3.38 ± 0.87 7.13 ± 0.55 4.19 ± 0.33 0.27 ± 0.19 6.88 ± 0.98 0.81 ± 0.07

CarGoal1 success rate 0.88 ± 0.06 0.98 ± 0.03 0.60 ± 0.49 0.10 ± 0.17 0.20 ± 0.05 1.00 ± 0.00 0.93 ± 0.08
cost 1.19 ± 0.19 1.35 ± 0.04 2.01 ± 0.28 0.74 ± 0.38 0.00 ± 0.00 2.72 ± 0.05 0.73 ± 0.33

CarPush1 success rate 0.63 ± 0.14 0.73 ± 0.03 0.12 ± 0.20 0.00 ± 0.00 0.38 ± 0.06 0.57 ± 0.15 0.68 ± 0.08
cost 0.59 ± 0.31 1.18 ± 0.14 1.58 ± 0.59 0.02 ± 0.03 0.18 ± 0.10 0.91 ± 0.60 0.72 ± 0.22

CarButton1 success rate 0.78 ± 0.06 0.78 ± 0.13 0.48 ± 0.21 0.15 ± 0.05 0.10 ± 0.05 0.98 ± 0.03 0.83 ± 0.03
cost 2.11 ± 1.18 1.78 ± 0.34 19.57 ± 2.67 1.97 ± 0.38 0.21 ± 0.14 19.56 ± 2.80 1.68 ± 0.13

Table A3 reports the inference time of ARMOR and Q-learning style offline safe RL baselines, measured
on an NVIDIA RTX 3090 GPU. ARMOR exhibits the largest latency among the compared methods. This
overhead is expected because the actor is a conditional diffusion policy and requires multiple denoising steps
at test time. In contrast, Q-learning style baselines select actions with a single forward pass through the policy.
Despite this overhead, the per-action latency is still on the order of 10−2 seconds, suggesting that ARMOR is
still feasible for moderate control frequencies in real-world robotics.

Table A3: Per-action inference latency (s).

BC BCQL CPQ CCAC ARMOR
Inference time 0.001473 0.001568 0.001704 0.001706 0.022674
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