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Abstract—Safe offline RL typically assumes access to dense1

per-step cost annotations, but in practice supervisors provide2

only trajectory-level stop-feedback: a binary signal at the first3

unsafe transition, with no per-step attribution. We frame this4

as a temporal credit assignment problem and propose the5

Redistribution-based Cost Inference (RCI) framework, which6

converts sparse stop-feedback into dense per-step costs via7

return decomposition, then trains a constrained offline policy8

on the augmented dataset. We show that return-equivalent9

redistribution preserves the feasible policy set and the optimal10

Lagrangian in a CMDP, establishing that the transformation11

is lossless in theory while yielding better-conditioned cost critic12

learning in practice. Experiments on highway driving and robotic13

manipulation demonstrate substantially lower violation rates14

than sparse and classifier-based baselines, with robustness to15

heterogeneous dataset compositions and label noise.16

I. INTRODUCTION17

Safe reinforcement learning (RL) is central to deploy-18

ing autonomous agents in high-stakes domains such as au-19

tonomous driving, clinical decision support, and robotic ma-20

nipulation [1], [2]. The predominant formalism, the Con-21

strained Markov Decision Process (CMDP) [3], encodes safety22

as a constraint on expected cumulative cost, but standard23

CMDP methods presuppose access to dense, per-step cost24

annotations—a requirement that is prohibitively expensive to25

satisfy in practice.26

The offline RL paradigm exacerbates this gap. Agents27

trained on fixed historical datasets avoid the risks of online28

exploration [4]–[6], yet they inherit the safety profile of the29

behavior policy and face unreliable value and cost estimates30

under distributional shift [7]. Critically, offline datasets col-31

lected without safety instrumentation lack the cost labels32

required by existing constrained methods, and post-hoc expert33

annotation at the per-step level is intractable at scale.34

A more realistic supervision signal is trajectory-level stop35

feedback: a binary label indicating whether an episode was36

halted by a safety monitor upon detecting a violation. Such37

signals arise naturally from human oversight and automated38

safety systems, which operate by terminating execution rather39

than scoring individual transitions. However, each unsafe40

trajectory contributes only a single cost label at its termination41

point, providing no direct information about which earlier42

actions precipitated the violation. Recovering per-step costs43

from this signal is a temporal credit-assignment problem [8]–44

[10], compounded here by distributional shift and the one-shot45

nature of offline data collection.46

We address this problem with the Redistribution-based 47

Cost Inference (RCI) framework, which converts sparse 48

trajectory-level stop labels into dense per-step cost estimates 49

via return decomposition, then trains safe policies using stan- 50

dard constrained offline RL. RCI is explicitly modular: the 51

redistribution stage accepts any return-equivalent decompo- 52

sition method (instantiated here with RUDDER [8], though 53

GRD [9] applies directly), and the policy learning stage 54

accepts any constrained offline RL algorithm (instantiated 55

with BCQ-Lagrangian [4], though CPQ or CDT substitute 56

without modification). We evaluate on highway driving and 57

simulated robot control tasks across datasets generated by 58

unsafe, random, and mixed behavior policies, demonstrating 59

that RCI substantially reduces constraint violation rates while 60

preserving task performance comparable to an unconstrained 61

baseline. 62

II. PRELIMINARIES 63

We model a task as a Markov decision process (MDP), 64

defined by the tuple (S,A, P, r, γ), where S is the state 65

space, A is the action space, P (s′|s, a) is the transition 66

dynamics, r(s, a) is the reward function, and γ ∈ [0, 1) is 67

the discount factor. A policy π(a|s) generates trajectories 68

τ = (s0, a0, r0, s1, . . . , sT ) with cumulative return R(τ) = 69∑T
t=0 γ

tr(st, at), and the objective is to find a policy that 70

maximizes E[R(τ)] [11]. 71

In offline RL, the agent learns from a fixed dataset D = 72

{τi}Ni=1 of trajectories collected by a behavior policy µ, 73

without any further environment interaction. This avoids un- 74

safe online exploration but introduces distributional shift: the 75

learned policy π may select actions outside the support of µ, 76

rendering value estimates unreliable—a phenomenon known 77

as extrapolation error. Offline RL methods address this by 78

constraining the learned policy to remain close to the dataset 79

distribution or by penalising out-of-support actions [4], [7], 80

[12]. 81

A. Constrained Markov Decision Processes 82

A constrained Markov decision process (CMDP) extends the 83

MDP framework by introducing a cost function and a safety 84

budget. Formally, a CMDP is given by (S,A, P, r, c, γ, d), 85

where c(s, a) is a cost function representing constraint viola- 86

tions and d is an allowable threshold. The agent’s objective 87

is to maximize E[R(τ)] subject to E[C(τ)] ≤ d, where 88



C(τ) =
∑T

t=0 γ
tc(st, at) [3]. This formulation balances89

performance and safety; for example, an autonomous vehicle90

should minimize accidents while still reaching its destina-91

tion efficiently. A common approach to solving CMDPs is92

Lagrangian relaxation, where the problem is converted to93

maximizing E[R(τ) − λC(τ)] with the Lagrange λ adjusted94

until the cost constraint is satisfied [1], [2].95

III. RELATED WORK96

a) Offline Safe Reinforcement Learning.: Offline safe97

RL combines the CMDP formalism with offline training on98

fixed datasets [13], [14]. Conservative offline RL methods99

such as BCQ [4] address distributional shift by constraining100

the learned policy to remain close to the behavior policy.101

Constrained extensions such as COPO [13] and CPQ [14]102

incorporate Lagrangian penalties or conservative cost critics103

into this framework. A key limitation in previous studies is104

the assumption that per-step cost annotations are available in105

the dataset, an assumption we relax.106

b) Cost Inference from Sparse Feedback.: In practice,107

safety supervision is often sparse. [10] propose TraCeS, which108

learns a dense safety scoring model from sparse trajectory109

labels using a multiplicative decomposition, but requires on-110

line labeler queries during training for iterative refinement.111

Similarly, [15] introduce RLSF, which transforms segment-112

level feedback into classification targets, but also relies on113

interactive labeler access during online learning. These settings114

differ fundamentally from ours: the dataset is fixed, the labeler115

cannot be queried post-hoc, and all safety supervision must be116

incorporated offline.117

c) Return Decomposition and Credit Assignment.: Re-118

turn decomposition methods address credit assignment in119

sparse reward RL by training sequence models to predict120

cumulative returns and redistributing terminal signals back-121

ward through time [8], [9]. These methods guarantee return122

equivalence: the redistributed per-step signals sum to the123

original trajectory return. Our work transfers this principle124

to the cost and constraint domain, establishing that return-125

equivalent cost redistribution preserves the feasible policy set126

and the optimal Lagrangian in a CMDP.127

IV. REDISTRIBUTION-BASED COST INFERENCE128

We consider an offline dataset D = {τi}Ni=1 of trajectories129

where each trajectory τ = {(s0, a0, r0), . . . , (sT , aT , rT )} is130

labeled by an expert function F(τ) returning the index of the131

first unsafe transition, or the empty set if the trajectory is safe.132

This produces a sparse cost signal:133

csparse(st, at) =

{
1, if t ∈ F(τ);
0, otherwise.

(1)134

The objective is to learn a policy π maximizing expected135

return Eπ[R(τ)] subject to Eπ[C(τ)] ≤ d for a specified136

budget d, using only D and sparse cost annotations, within137

the CMDP framework with soft constraints [3], [16]. The138

central challenge is that stop-feedback provides trajectory- 139

level information—indicating that something went wrong— 140

but not dense per-step annotations of which actions caused 141

the failure, creating a severe credit assignment problem [8]. 142

We propose Redistribution-based Cost Inference (RCI), a 143

modular framework that decomposes safe offline RL into three 144

stages: (1) trajectory-level stop-feedback collection, (2) return- 145

decomposition-based cost inference, and (3) constrained of- 146

fline policy learning. The key insight is that credit assignment 147

for costs and policy learning for safety are algorithmically dis- 148

tinct problems that benefit from separate treatment. This mod- 149

ularity allows any return-equivalent decomposition method 150

and any constrained offline RL algorithm to be substituted 151

independently. 152

a) Stage 1: Expert Feedback.: For each trajectory τi, an 153

expert provides binary feedback: C(τi) = 1 if the trajectory 154

contains an unsafe transition, and C(τi) = 0 otherwise. Unsafe 155

trajectories are truncated at the first violation point t∗. This 156

labeling protocol reflects how safety monitoring operates in 157

practice—automated systems or human supervisors issue stop 158

commands at the first detected violation [17]—and is far more 159

scalable than dense per-step annotation. 160

b) Stage 2: Return Decomposition.: We train a sequence 161

model Ĉ(s0:t, a0:t) to predict episodic cost C(τ) from tra- 162

jectory prefixes by minimizing L = Eτ∼D[(Ĉ(s0:T , a0:T ) − 163

C(τ))2]. Dense per-step costs are then obtained by differenc- 164

ing successive predictions: 165

c̃t = Ĉ(s0:t, a0:t)−Ĉ(s0:t−1, a0:t−1)+δt, Ĉ(s0:−1, a0:−1) = 0,
(2) 166

where δT = C(τ) − Ĉ(s0:T , a0:T ) at the terminal step (with 167

δt = 0 for t < T ) is a compensation term ensuring exact return 168

equivalence (Definition 1). The intuition is straightforward: if 169

the model’s cost prediction increases sharply at timestep t, that 170

transition contains information critical to predicting eventual 171

failure. Following prior work [8], we instantiate Ĉ as an 172

LSTM, though any sequence architecture (e.g., Transformers) 173

would suffice. 174

c) Theoretical Results.: A redistributed cost c̃ is return- 175

equivalent to the sparse cost if
∑T

t=0 c̃t = C(τ) for every 176

trajectory (Definition 1). The costs in Equation (2) satisfy 177

this by construction via a telescoping sum (Lemma 1). This 178

property cascades through the constrained optimization (for- 179

mal statements and proofs are provided in Appendix A): 180

Proposition 1 (Constraint Equivalence). If c̃ is return- 181

equivalent to csparse, then for any policy π: 182

Eτ∼π

[
T∑

t=0

c̃t

]
= Eτ∼π [C(τ)] . (3) 183

Theorem 1 (Policy Invariance). Let Msparse and Mredist
184

denote CMDPs differing only in instantaneous costs. Then the 185

feasible policy sets are identical and π∗
sparse = π∗

redist. Moreover, 186

for any λ ≥ 0: 187

L(π, λ; c̃) = L(π, λ; csparse), (4) 188



so the Lagrangian saddle point (π∗, λ∗) coincides under both189

formulations.190

Crucially, these guarantees hold regardless of the sequence191

model’s prediction accuracy due to the compensation term192

δT . While both formulations define the same optimal policy,193

redistributed costs provide dense supervision throughout tra-194

jectories, yielding a better-conditioned regression target for the195

cost critic compared to sparse terminal signals (Remark 2).196

d) Stage 3: Policy Optimization.: Given the dense cost-197

augmented dataset Ddense = {(st, at, rt, c̃t)}, we train a198

constrained offline RL policy. In our instantiation, we employ199

BCQ-Lagrangian [4], [18], which addresses distributional shift200

through a VAE-based behavior cloning constraint and enforces201

safety via an adaptive Lagrange multiplier. The Bellman target202

becomes y = r(s, a)+γmaxa′ [Qθ′(s′, a′)−λ c̃(s′, a′)], where203

λ is updated as λ ← max(0, λ + αλ(Cbatch − d)) based on204

batch-average cost relative to the budget d. This choice is well-205

motivated but not essential to RCI.206

V. EXPERIMENTS207

We evaluate RCI on two benchmark environments:208

HighwayEnv [19], where an ego vehicle navi-209

gates highway traffic while avoiding collisions, and210

Safe-FetchReach [20], where a 7-DOF robotic arm211

reaches target positions while avoiding a spherical hazard212

region. For each environment we generate 5,000 offline213

episodes using PPO-trained behavioral policies that optimize214

task reward while disregarding safety [21], producing215

aggressive driving with frequent collisions and hazard-216

ignoring reaching behavior. An automated evaluator identifies217

the first unsafe transition in each trajectory and truncates218

all subsequent steps, mimicking expert intervention [17]:219

a transition is labeled unsafe when the ego approaches220

within 0.2 units of another vehicle in HighwayEnv, or221

when the end-effector enters the spherical hazard region222

H = {p ∈ R3 : ∥p− h∥2 ≤ r} in Safe-FetchReach.223

Baselines and Protocol. We compare against three base-224

lines under identical BCQ-Lagrangian architectures [4]: (1)225

Reward-Only, which ignores safety costs and sets the budget226

to infinity; (2) Sparse, which uses the raw terminal cost label227

without redistribution; and (3) Hazard, a two-head binary228

classifier c̃(st, at) = P1(st, at)+P2(st, at), where P1 predicts229

whether a state-action pair appears in any unsafe trajectory and230

P2 predicts the unsafe termination point specifically, trained231

with focal loss to address class imbalance [22]. For RCI232

we instantiate RUDDER-based redistribution with an LSTM233

sequence model [8]. For each method we sweep the safety bud-234

get d over the 10th-50th percentiles of the dataset’s trajectory235

cost distribution in increments of 10, train three independent236

policies per configuration, and evaluate the lowest-violation237

policy over 1,000 online episodes using ground-truth safety238

labels.239

A. Safe Navigation240

Figure 1 reports normalized return Rnorm = (R −241

Rmin)/(Rmax − Rmin) pooled across all evaluated policies242

and seeds just as in [18], and violation rate on HighwayEnv 243

under the mixed-composition dataset (equal-proportioned PPO 244

and uniform random rollouts). RCI cuts violation rate com- 245

pared to Sparse and Hazard while maintaining task return; 246

a two-sample t-test against the unconstrained baseline yields 247

t = 0.9962, p = 0.3483, indicating no statistically significant 248

return penalty. 249
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Fig. 1. Performance on HighwayEnv. (a) Normalized return and violation
rate across baselines and RCI; bars show means over 5 seeds with standard
error. The two-sample t-test between RCI and BCQ-Vanilla yields t = 0.9962,
p = 0.3483. (b) Learned cost critics as heatmaps over road geometry for
Sparse, Hazard, and RCI (top to bottom); warmer colors indicate higher
predicted cumulative cost.

Learned spatial risk structure. Figure 1(b) shows learned 250

cost critics evaluated over the HighwayEnv road geometry. 251

Sparse concentrates all cost at the terminal unsafe configura- 252

tion, with near-zero values elsewhere, even in states already 253

dangerously close to other vehicles. Hazard’s classifier cap- 254

tures near-terminal danger in a small neighborhood but decays 255

rapidly. RCI produces globally coherent spatial structure: cost 256

increases gradually as the ego approaches traffic, with high- 257

cost regions extending backward along approach corridors. 258

The redistributed costs treat vehicle proximity as a graded 259

risk signal modulated by temporal context, confirming that 260

the dense supervision recovers meaningful temporal causality 261

from a single terminal bit. 262

We report two additional experiments on HighwayEnv that 263

probe RCI’s behavior under realistic deployment conditions: 264

varying data sources and imperfect supervision. 265

Dataset Composition We evaluate RCI across three be- 266

havioral policies with distinct exploration patterns: (i) PPO, 267

task-optimized policies producing goal-directed rollouts con- 268

centrated around high-reward regions; (ii) Random, uniform 269

random action sampling; and (iii) Mixed, equal-proportion 270

combinations of PPO and Random rollouts, reflecting realistic 271

offline datasets that aggregate multiple data sources. 272

RCI’s violation reduction holds across all three regimes 273

(Figure 2), indicating that the redistribution mechanism does 274

not depend on the behavior policy producing structured or 275

near-optimal exploration. 276

Label Noise We simulate two corruption regimes. Noisy 277

labels: for each unsafe trajectory, the stop-point index is 278

shifted by δ steps, where δ is uniformly drawn from [−15, 15] 279

in increments of 5, subject to trajectory bounds. This perturbs 280

the termination label earlier (false positive) or later (false 281
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Fig. 2. Dataset composition ablation on HighwayEnv. Bars show means
over 3 seeds with standard error; each policy is evaluated for 1,000 episodes
per seed using ground-truth violations. Safety budget and model selection rule
are held fixed across methods.

negative) relative to the true unsafe transition, simulating282

limited-precision human or automated annotation. Adversarial283

labels: safety labels of a random 20% of trajectories are284

flipped: unsafe trajectories are relabeled safe (label removed),285

and safe trajectories are relabeled unsafe with a stop label286

placed at a uniformly random timestep. Cost budget d is fixed287

to the value selected under clean supervision to isolate the288

effect of corruption.289
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Fig. 3. Label-noise ablation on HighwayEnv, with cost budget d fixed to
the value selected in the main results (Figure 1). Error bars show standard
error across 3 seeds; evaluation uses 1,000 episodes and ground-truth safety
events.

Returns remain stable across noise regimes (Figure 3a)290

since termination-time noise alters constraint signals without291

affecting logged rewards. Violation rates on Sparse and Hazard292

respond more sharply to misaligned supervision than RCI293

(Figure 3b), consistent with the smoothing effect of return294

decomposition over per-step label errors.295

B. Safe Continuous Control296

On Safe-FetchReach (Figure 4), we observe the same297

trend: RCI achieves competitive returns while substantially re-298

ducing violation rates. The vector field shows strong repulsive299

behavior away from the hazard region under a restrictive bud-300

get, demonstrating that spatially coherent avoidance emerges301

from trajectory-level stop-feedback alone, without access to302

dense cost annotations.303

VI. CONCLUSION304

RCI converts trajectory-level stop-feedback into dense per-305

step costs via return decomposition, enabling constrained of-306

fline policy learning from the supervision modality physical AI307

deployments actually produce. The transformation preserves308

the feasible policy set and Lagrangian saddle point of the309
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Fig. 4. Performance on Safe-FetchReach. (a) Normalized return and
violation rate; bars show means over 5 seeds with standard error. (b) Vector
field of RCI policy under a restrictive safety budget; arrows show action
directions, color encodes critic value estimates.

underlying CMDP, and reduces violation rates roughly fivefold 310

on two physical-safety domains without statistically significant 311

return penalties. Stop-feedback is informationally sufficient for 312

safe offline policy learning; richer supervision modalities are 313

not prerequisites. 314

Three limitations matter. RCI inherits standard offline RL 315

coverage requirements: datasets skewed toward unsafe tra- 316

jectories risk overly conservative policies, and sparse safe 317

coverage may leave policy optimization underspecified. The 318

redistribution mechanism captures statistical, not causal, asso- 319

ciations between trajectory prefixes and violations, identifying 320

risky situations rather than causally hazardous actions. The 321

framework is currently restricted to single binary constraints; 322

multi-constraint extension via per-channel decomposition is 323

straightforward but raises open questions about balancing com- 324

peting objectives. Future directions include graduated severity 325

feedback, uncertainty-aware redistribution under distributional 326

shift, and more expressive sequence architectures. 327
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APPENDIX A393

SIGNAL PRESERVATION394

Algorithm 1 summarizes the complete RCI framework. The395

framework takes as input an offline dataset D, a labeler396

L (human or automated), a return decomposition algorithm397

Adecomp, a constrained offline RL algorithm AOSRL, and a cost398

budget d. It outputs a safe policy π.399

A critical question still arises: does this redistribution pre-400

serve the original supervision signal? In the offline setting,401

where no additional feedback can be queried, any transfor-402

mation of the cost signal must guarantee that the resulting403

constrained optimization problem yields the same optimal404

policy. We now establish this formally.405

Definition 1 (Return-Equivalent Cost Redistribution). A redis-406

tributed cost function c̃ : S×A → R is return-equivalent to the407

sparse cost if for every trajectory τ , the sum of redistributed408

costs equals the episodic cost:
∑T

t=0 c̃t = C(τ).409

Lemma 1 (Return Equivalence). The redistributed costs de-410

fined in Equation (2) satisfy Definition 1 for any sequence411

model Ĉ.412

Algorithm 1 RCI Framework
1: Input: Dataset D = {τi}Ni=1, Labeler L, Return de-

composition algorithm Adecomp, Constrained Offline RL
algorithm AOSRL, Cost budget d

2: Output: Safe policy π
3: for each trajectory τi ∈ D do
4: F (τi)← L(τi) ▷ Feedback Collection

5: C(τi)←

{
1 if F (τi) ̸= ∅
0 otherwise

6: for t = 0, 1, . . . , Ti do

7: csparse(st, at)←

{
1 if t ∈ F (τi)

0 otherwise
8: end for
9: end for

10: Ĉ ← Train sequence model with Adecomp on {(τi, C(τi))}
▷ Return Decomposition

11: for each trajectory τi ∈ D do
12: for t = 0, 1, . . . , Ti do
13: c̃t ← Ĉ(s0:t, a0:t)− Ĉ(s0:t−1, a0:t−1) ▷ with

Ĉ(s0:−1, a0:−1) = 0
14: end for
15: δi ← C(τi)− Ĉ(s0:Ti , a0:Ti) ▷ Return-equivalence

correction
16: c̃Ti

← c̃Ti
+ δi

17: end for
18: Ddense ← {(st, at, rt, c̃t)} ▷ Constrained Policy Learning
19: π ← AOSRL(Ddense, d)
20: return π

Proof. Summing across all timesteps yields a telescoping 413

series: 414

T∑
t=0

c̃t =

T∑
t=0

[
Ĉ(τ0:t)− Ĉ(τ0:t−1)

]
+ δT (5) 415

= Ĉ(τ0:T )− Ĉ(τ0:−1) + δT (6) 416

= Ĉ(τ0:T ) +
[
C(τ)− Ĉ(τ0:T )

]
= C(τ). (7) 417

The boundary condition Ĉ(τ0:−1) = 0 and the compensation 418

term δT ensure exact equality regardless of prediction accu- 419

racy. 420

This return equivalence property is essential in the offline 421

setting where we cannot query for additional supervision. 422

Unlike interactive learning where the agent can request more 423

safety labels [10], [15], offline learning must extract maximum 424

information from fixed labels. Return equivalence ensures that 425

the inferred costs preserve the original supervision signal 426

without introducing systematic bias, while redistributing it 427

temporally to guide per-step decision-making. 428

We now show that return equivalence implies policy invari- 429

ance in the constrained MDP. 430

Proof. By Lemma 1, return equivalence implies
∑T

t=0 c̃t = 431

C(τ) for every trajectory τ . Since this equality holds point- 432

wise, the result follows by linearity of expectation. 433



Proof. By Proposition 1, Eτ∼π[
∑T

t=0 c̃t] = Eτ∼π[C(τ)] for434

any π, so the feasible sets are identical. Both CMDPs share435

identical state spaces, action spaces, transition dynamics, re-436

ward functions, and discount factors, and maximize the same437

expected return over identical feasible sets; hence their optimal438

solutions coincide.439

Since constrained MDPs are commonly solved via La-440

grangian relaxation [1], [3], we verify that policy invariance441

extends to this optimization framework.442

a) Lagrangian Equivalence.: For any policy π and multi-443

plier λ ≥ 0, the Lagrangian evaluated using sparse costs equals444

the Lagrangian evaluated using return-equivalent redistributed445

costs. Consequently, the saddle point (π∗, λ∗) is identical for446

both formulations.447

Proof. By Proposition 1:448

L(π, λ; c̃) = Eτ∼π[R(τ)]− λ

(
Eτ∼π

[
T∑

t=0

c̃t

]
− d

)
(8)449

= Eτ∼π[R(τ)]− λ (Eτ∼π[C(τ)]− d) = L(π, λ; csparse).
(9)

450

Since the Lagrangian is identical for all (π, λ), the saddle451

point problem yields the same solution under both cost spec-452

ifications.453

These results collectively establish that RCI preserves super-454

vision at multiple levels: trajectory-level (Lemma 1), policy-455

level (Proposition 1), constraint-level, and optimization-level456

(Theorem 1). The transformation changes only the temporal457

allocation of costs—from sparse terminal signals to dense458

per-step signals—while preserving the aggregate constraint459

information and the set of optimal policies.460

Remark 1. The compensation term δT ensures that these461

guarantees hold regardless of the sequence model’s prediction462

accuracy. While prediction errors affect the distribution of463

costs across timesteps and may degrade credit assignment464

quality, they do not compromise supervision preservation.465

Under perfect prediction, the compensation term vanishes466

and the redistributed cost exactly quantifies how much each467

transition increased the probability of eventual violation.468

Remark 2. Theorem 1 establish that the Lagrangian and469

optimal policy are identical under sparse and redistributed470

costs. However, practical algorithms do not optimize the true471

Lagrangian directly—they estimate cost expectations using472

learned critics. Under sparse costs, the cost critic observes473

non-zero signal only at terminal failure points, making it474

difficult to learn accurate cost Q-values for earlier states.475

This is a supervised learning problem with extreme sparsity.476

Redistributed costs provide dense supervision throughout tra-477

jectories, yielding a better-conditioned regression target for the478

critic. Both formulations define the same optimal policy, but479

dense costs enable more accurate critic estimation within a480

fixed sample budget.481

APPENDIX B 482

QUALITATIVE ANALYSIS 483

This section provides qualitative evidence supporting the 484

quantitative results presented in Figure 1 and Figure 4. We 485

visualize spatial cost landscapes learned by each method, 486

examine policy trajectories under different safety budgets, and 487

present vector fields of learned policies in the manipulation 488

domain. 489

A. HighwayEnv 490

A central question motivating our approach is whether 491

return decomposition produces meaningful dense cost signals 492

that identify safety-critical steps. We analyze the quality 493

of redistributed costs through visualization and quantitative 494

assessment. 495

Figure 5 presents the cost redistribution process on ran- 496

domly sampled trajectories from HighwayEnv. Figure 5a 497

shows the sparse trajectory-level label (a single cost of 1 at the 498

terminal unsafe step), while the Figure 5b shows the dense per- 499

step costs inferred by redistribution via return decomposition. 500

0 100 200
Timestep

La
be

l

0.0

0.2

0.4

0.6

0.8

1.0

0 100
Timestep

La
be

l

0.0

0.2

0.4

0.6

0.8

1.0

0 100 200
Timestep

La
be

l

0.0

0.2

0.4

0.6

0.8

1.0

(a) Sparse samples

0 100 200
Timestep

Co
st

0.010
0.005

0.000
0.005
0.010
0.015
0.020
0.025

0 100
Timestep

Co
st

0.005

0.010

0.015

0.020

0 100 200
Timestep

Co
st

0.005

0.010

0.015

0.020

(b) Dense samples

0 50 100 150 200 250
Timestep

0.3

0.4

0.5

0.6

0.7

0.8

0.9

Di
st

an
ce

 to
 n

ea
re

st
 v

eh
icl

e

0 25 50 75 100 125 150 175
Timestep

0.30

0.35

0.40

0.45

0.50

0.55

Di
st

an
ce

 to
 n

ea
re

st
 v

eh
icl

e

0 50 100 150 200
Timestep

0.20

0.25

0.30

0.35

0.40

0.45

Di
st

an
ce

 to
 n

ea
re

st
 v

eh
icl

e

(c) Distance to nearest vehicle

Fig. 5. Cost inference on three sampled trajectories from HighwayEnv. (5a)
shows the sparse stop-feedback labels (a single terminal cost at the unsafe
step). (5b) shows the dense per-step costs inferred via return decomposition,
with higher values assigned to precursor actions that contributed to the
eventual violation. (5c) shows the distance to the nearest vehicle over time for
the same trajectories; note that each trajectory is truncated at the first unsafe
transition, as recorded in the offline dataset.

501

a) Policy Trajectories Under Different Safety Budgets.: 502

Under a restrictive budget (d = P10), the policy maintains 503

large following distances and exits the highway entirely; under 504

a balanced budget (d = P30), it sustains forward progress 505

while respecting distance constraints. These rollouts confirm 506

that redistributed costs yield interpretable safety–performance 507

trade-offs without retraining the cost inference model. 508

Figure 7 presents vector fields of the learned RCI policies 509

in Safe-FetchReach across three safety budgets from the 510

empirical percentile sweep. Arrows depict the policy’s action 511

directions in a two-dimensional projection of the state space, 512

and color encodes the critic’s value estimates. 513



(a) d = P10 (b) d = P30

Fig. 6. Trajectories from RCI’s learned policy in HighwayEnv under
restrictive (6a) and balanced (6b) safety budgets d, where Pq denotes the
qth percentile of the dataset’s episodic cost distribution.
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(c) Balanced safety budget
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(d) Restrictive safety budget

Fig. 7. Vector fields of RCI policies in Safe-FetchReach across three
safety budgets. Arrows depict policy actions and color encodes the critic’s
value estimates. (7b) Higher budgets permit direct goal approach. (7c) Inter-
mediate budgets balance hazard avoidance with goal-reaching. (7d) Restrictive
budgets enforce strong hazard avoidance at the expense of task success.

The vector fields confirm that the learned policies adapt514

coherently to the imposed constraint. With a permissive budget515

(Figure 7b), the policy pursues the target directly, tolerat-516

ing hazard proximity as the constraint permits risk-taking517

behavior. At an intermediate budget (Figure 7c), the policy518

steers around the hazard while maintaining progress toward519

the goal, demonstrating learned avoidance without complete520

task abandonment. Under a restrictive budget (Figure 7d), the521

policy exhibits strong repulsive behavior away from the hazard522

region, prioritizing constraint satisfaction even at the cost of523

task success. This smooth degradation from goal-pursuit to524

hazard-avoidance as the constraint tightens reflects the La-525

grangian mechanism: as d decreases, the optimal multiplier λ∗
526

increases, reweighting the objective toward cost minimization527

over reward maximization.528

The value estimates confirm this interpretation, with lower529

values near the hazard region indicating that the critic has530

learned to associate proximity with elevated risk. That spa-531

tially coherent avoidance strategies emerge from trajectory-532

level stop-feedback alone—without access to dense cost 533

annotations—validates that the redistributed costs carry gen- 534

uine per-step safety semantics. 535

APPENDIX C 536

EXPERIMENTAL DETAILS 537

A. Benchmark Environments 538

Both environments share a common annotation protocol: if 539

a safety violation occurs during data collection, the trajectory 540

is truncated at the first unsafe step and assigned an episodic 541

cost label C(τ) = 1; otherwise C(τ) = 0. This stop-feedback 542

structure provides sparse supervision that indicates that a 543

violation occurred, but not which earlier decisions contributed 544

to it. 545

1) HighwayEnv: Task. The agent controls an ego vehicle 546

on a multilane highway populated with traffic, aiming to 547

maintain forward progress while avoiding unsafe maneuvers. 548

State space. Each state is a fixed-size array of kinematic 549

features for the ego and V−1 nearby vehicles, including 550

presence, relative position (x, y), velocities (vx, vy), and ori- 551

entation (cosh, sinh). Features are normalized and expressed 552

in ego-centric coordinates, with zero-padding to maintain fixed 553

dimensionality. 554

Action space. Actions are two-dimensional continuous con- 555

trols a = [athrottle, δsteer]
⊤ ∈ [−1, 1]2, mapped to acceleration 556

v̇ ∈ [−5, 5] m/s2 and steering δ ∈ [−0.785, 0.785] rad. 557

Reward function. We modify the native reward to empha- 558

size forward velocity, simulating a safety-unaware ego vehicle: 559

R(s, a) = α · v − vmin

vmax − vmin
, (10) 560

with α > 0. The collision coefficient is set to zero, so 561

collisions do not incur an explicit reward penalty; however, 562

collisions still terminate the episode via the simulator’s built- 563

in termination condition. This ensures that reward-optimized 564

behavioral policies can remain aggressive, while safety is 565

enforced exclusively through the stop-feedback cost signal. 566

Unsafe criterion. A transition is labeled unsafe when the 567

ego vehicle comes within distance 0.2 of another vehicle: 568

csparse(s, a) = 1
{

min
j∈{1,...,V−1}

∥pego − pj∥2 ≤ 0.2
}
. (11) 569

Fig. 8. HighwayEnv: a transition is labeled unsafe when the ego vehicle
comes within distance 0.2 of another vehicle.

2) Safe-FetchReach: Task. A 7-DOF Fetch robot 570

must move its end-effector to a sampled Cartesian target. We 571

introduce a spherical hazard region to assess safety. 572

State space. Observations are tuples (o, gach, gdes), where 573

o ∈ R10 encodes end-effector position, finger joint states, and 574



velocities, and gach, gdes ∈ R3 denote achieved and desired575

goals.576

Action space. Actions are a = [∆x,∆y,∆z, agrip]
⊤ ∈577

[−1, 1]4, with the first three dimensions mapped to Cartesian578

displacements and the fourth controlling the gripper (unused579

in this task).580

Reward function. The dense shaping reward is:581

R(s, a) = −∥gach − gdes∥2. (12)582

Unsafe criterion. We define a spherical hazard region H =583

{p ∈ R3 : ∥p − h∥2 ≤ r} with center h and radius r. A584

transition is labeled unsafe at the first step where the end-585

effector enters H:586

csparse(s, a) = 1{gach ∈ H}. (13)587

Fig. 9. Safe-FetchReach: a transition is labeled unsafe when the end-
effector enters the spherical hazard region H.


