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Abstract: Imitation learning typically treats every demonstration state as equally
important, optimizing a behavior-cloning objective uniformly across the dataset.
Yet not all states are created equal: in a small number of critical states, even a
slight deviation from the expert action can lead to a failure, while in many other
states such errors are recoverable and inconsequential. We formalize state crit-
icality in imitation learning as the worst-case degradation in downstream value
induced by a bounded perturbation of the expert action at a given state. We then
propose SCRIM, a practical State CRIticality Measure that estimates this quan-
tity by training an adversarial disturbance policy and a value critic around a fixed
imitation policy. SCRIM assigns each demonstration state a score reflecting how
vulnerable the task outcome is to small, policy-relevant action errors. We show
that these scores can be used to reweight behavior-cloning losses, improving imi-
tation at consequential states and increasing overall task performance. We further
show that SCRIM enables data curation by selecting compact, high-value sub-
sets of demonstrations that preserve performance while substantially reducing the
amount of training data. We evaluate SCRIM across various simulated and real-
world robotic manipulation tasks, and demonstrate that SCRIM improves policy
training, enables efficient data selection, and provides interpretable insights into
which moments in a demonstration are most critical for task success. Project web-
site: https://sia-lab-git.github.io/SCRIM/
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1 Introduction

A simple and widespread Imitation learning (IL) approach, behavior cloning (BC), trains a policy to
match the expert action at each demonstrated state. Recent advances in compute, large-scale robot
datasets [1, 2], visuomotor policy architectures [3], and foundation models [4, 5, 6] have substan-
tially expanded the capabilities of BC policies, enabling robots to perform increasingly complex
manipulation tasks. IL is especially attractive for manipulation, where contact-rich, nonsmooth
dynamics [7] and sparse task feedback make reinforcement learning (RL) difficult, even when an
appropriate reward function is available.

Despite advances, BC remain brittle when it encounters states not well-covered by the demonstra-
tions [8]. Improving robustness typically requires collecting more demonstrations, which is expen-
sive. Moreover, useful recovery data often requires expert demonstrators to manually anticipate
critical moments, and demonstrate how to recover from them. Residual RL offers an alternative
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Figure 1: Our state criticality measure, SCRIM, along a successful demonstration of cube stacking
(left) and tape hanging (right), with a filmstrip of the rollout. SCRIM peaks at semantically critical
moments where small action errors are likely to derail the task, such as aligning with the cube before
grasp, aligning the cube for placement, and aligning the tape with the hook.

by learning a corrective policy on top of a BC policy [9, 10, 11]. However, residual RL remains
challenging in sparse-reward manipulation settings due to high sample complexity, often requiring
prohibitively many environment interactions or a carefully engineered simulation environment.

This paper investigates a complementary approach to improving BC policies: identifying where
accurate imitation matters most. Standard BC objectives treat all demonstrated states equally, yet
manipulation tasks contain a small number of critical states where a small deviation from the ex-
pert action can derail the episode, while most others are forgiving. For example, in cube-stacking,
the alignment phases immediately before grasping or placing the cube are critical even though they
appear uneventful: a small action error can prevent a stable grasp or lead to an unstable placement.
Errors of similar magnitude during earlier reaching motions, by contrast, are often recoverable in
subsequent steps. Robust imitation therefore requires a state criticality measure that quantifies which
states are most consequential for task success. A reliable criticality measure could support targeted
policy improvement. During training, it can reweight the BC objective to prioritize states where er-
rors are most likely to cause failure. During data curation, it can identify high-criticality demonstra-
tions, enabling smaller subsets to match or exceed full-dataset performance while reducing training
and storage cost [12].

Systematically quantifying state criticality for IL is nontrivial [13]. A useful measure should not
flag merely states with large actions, contact forces, or proximity to objects, but states where small,
policy-relevant action errors substantially degrade task performance. We formalize this as the worst-
case increase in task failure under a bounded adversarial perturbation of the intended action, and
propose SCRIM, a State Criticality Measure that learns it by training an adversarial residual policy
and critic around a fixed BC policy. SCRIM produces per-state scores identifying where the policy
is most vulnerable to small action errors. We evaluate SCRIM on six manipulation tasks. Qualita-
tively, it identifies semantically meaningful critical phases—grasp alignment, contact timing—that
geometric and value-based baselines miss (Fig. 1). Quantitatively, SCRIM-guided data selection and
loss reweighting significantly improve BC over standard training and alternative criticality measures.

Concretely, this paper’s contributions are as follows: (1) introducing a formal notion of state critical-
ity for imitation learning; (2) proposing SCRIM, a practical algorithm for estimating state criticality;
(3) showing that SCRIM identifies semantically meaningful critical states in real-robot and simu-
lated manipulation demonstrations; (4) demonstrating that SCRIM can improve imitation learning
through criticality-aware loss reweighting and data curation, leading to stronger BC policies than
standard training and baseline criticality measures.

2 Related Work

Imitation learning and demonstration data. Data is the key ingredient in imitation learning. A
policy can only be as good as the demonstrations it is trained on and it’s ability to stick to the
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demonstrations. Both the quality and the composition of a dataset strongly shape downstream per-
formance [8]. This has motivated a large body of work on data curation, which selects or reweights
existing demonstrations based on task distribution [14, 15], surrogate models [16, 17], quality la-
bels or estimates [18, 19, 20], or by shaping the data at collection time [21, 22, 23]. While others
[24, 25, 23] improved robustness to deviations from the demonstrations. Underlying these efforts
are the important of small deviations from expert actions and a recurring observation that not all
states are equally important. Huang et al. [13] argue that the essence of a policy is captured by a few
critical states where taking the right action is essential. We, formalize the importance of each state
with a criticality score and use this single measure both to curate demonstrations and to reweight the
imitation objective toward the states where small mistakes matter most.

Residual RL. Residual RL trains a corrective policy on top of a fixed base controller and has be-
come a popular recipe for refining imitation policies [9, 11, 10, 26, 27] for improved task success.
We, however, aim to create a tool for increased understanding of imitation learning alongside per-
formance improvement. Moreover, although more sample efficient than full fine tuning of the base
policy learning, such corrections still demand many environment interactions, especially under the
sparse rewards typical of manipulation. We adopt the same residual formulation but invert its objec-
tive. Rather than learning to correct the base policy, we train an adversarial residual that degrades
it. Because actions that break a task are more abundant than the corrective actions, this adversarial
residual is an easier exploration problem—an advantage confirm empirically (Section 5).

3 Background and Problem Formulation

We consider discrete-time sequential decision-making problems modeled as a Markov decision pro-
cess (MDP),M = (S,A, P, r, ρ0, γ), where S is the state space, A is the action space, P (s′ | s, a)
is the transition kernel, r : S×A → R is the reward function, ρ0 is the distribution over initial states,
and γ ∈ [0, 1) is the discount factor. A (stationary) policy π(a | s) maps states to a distribution over
actions; when the policy is deterministic, we write a = π(s).

Imitation learning. Given a demonstration dataset D = {(si, ai)}Ni=1 collected by an expert policy
πE , where ai ∼ πE(· | si), behavior cloning (BC) casts imitation learning as supervised learning,
fitting a parameterized policy πθ to reproduce expert actions by minimizing the loss,

LBC(θ) = E(s,a)∼D
[
ℓ
(
πθ(s), a

)]
, (1)

where ℓ is an action-prediction loss, e.g. the squared error ∥πθ(s)− a∥22. This objective weights all
demonstration states equally. However, action errors are not equally consequential across states: in
some states, a small deviation from the expert action may be easily recoverable, while in others it
may lead to task failure.

Reinforcement learning. Our analysis borrows the value-function machinery of reinforcement
learning (RL), though imitation itself uses no reward signal. RL seeks a policy maximizing the

expected discounted return J(π) = Eτ∼π

[ ∞∑
t=0

γt r(st, at)

]
over trajectories τ = (s0, a0, s1, . . . )

with s0 ∼ ρ0, at ∼ π(· | st), and st+1 ∼ P (· | st, at). For a fixed π, the Q-function conditions this
return on the first state and action,

Qπ(s, a) = Eτ∼π

[ ∞∑
t=0

γt r(st, at)

∣∣∣∣∣ s0 = s, a0 = a

]
, (2)

and satisfies the Bellman equation Qπ(s, a) = r(s, a) + γ Es′∼P (·|s,a), a′∼π(·|s′)
[
Qπ(s′, a′)

]
. We

will use Qπ to assess how sensitive task performance is to the action at a given state.

Problem statement. Our goal is to quantify the criticality of a demonstration state for an imitation
policy π. Intuitively, a state is critical if the success of the task is highly sensitive to the action
selected at that state. Equivalently, critical states are those in which small action errors can substan-
tially degrade downstream performance or cause task failure. In contrast, non-critical states admit a
larger set of actions from which the policy can still recover and complete the task.
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Given a learned imitation policy π and access to rollouts of this policy, we seek to learn a state-
dependent criticality measure that identifies where precise action selection matters most. Such a
measure can be used to diagnose weaknesses of an imitation policy, prioritize data collection or
policy improvement, and trigger targeted intervention during deployment.

4 Method

Our goal is to identify states in which small action errors can have large downstream consequences.
To do so, we treat a learned imitation policy π as a fixed base controller and ask how much an
adversarial, bounded perturbation to its action can degrade task outcome. This leads to a residual
MDP in which the only decision variable is the perturbation applied around the base action.

Adversarial residual MDP. At each state, we decompose the executed action into the action pro-
posed by the base policy and a bounded residual disturbance:

a = π(s) + δ, δ ∈ ∆ϵ := { δ ∈ A : |δj | ≤ ϵj ∀j }, (3)

where ϵ ∈ Rd
≥0 defines a per-coordinate perturbation budget and d = dim(A). This budget

models the magnitude of the small action errors that an imitation policy might make at a state.
Freezing π and treating the residual δ as the only decision variable induces a residual MDP
M̃ ϵ

π = (S,∆ϵ, P̃π, r̃π, ρ0, γ), whose transition kernel and reward are those ofM evaluated at the
disturbed action,

P̃π(s
′ | s, δ) = P

(
s′ | s, π(s) + δ

)
, r̃π(s, δ) = r

(
s, π(s) + δ

)
. (4)

The state space, initial-state distribution, and discount factor are inherited from the original MDP
M. A disturbance policy ν(δ | s) acts only through the residual action space ∆ϵ; setting ν ≡ 0
recovers the unperturbed execution of the base policy π.

Critic. We instantiate the residual MDP reward (Eq. 4) with a sparse, outcome-based signal. A
rollout receives a reward r = −1 if it succeeds and r = 0 otherwise. Under the standard maximize-
return objective J(π), successful trajectories therefore have lower, more negative value, while failed
or non-successful trajectories have value closer to zero. Consequently, larger values correspond to
worse outcomes.

Next, we train an adversarial disturbance policy on this reward in the residual MDP and retain its
converged critic Q̄(s, a). Q̄ is always queried on the combined action executed by the environment,
a = π(s)+δ. Therefore, an increase in Q̄(s, a) indicates that the disturbance has made the trajectory
more failure-prone.

State CRIticality Measure (SCRIM). We are now ready to define criticality: a state s is critical
if some in-budget disturbance δ ∈ ∆ϵ applied at s substantially degrades the task outcome relative
to faithfully following π. Conversely, s is forgiving if no admissible disturbance at s changes the
outcome appreciably, compared to unperturbed execution. Thus, the criticality of a state is the
worst-case degradation in outcome value induced by a small action disturbance.

SCRIM precisely measures this worst-case degradation in the outcome value. Since we evaluate
criticality on demonstration states, we define the ideal score relative to the expert action πE(s):

Cϵ(s) = max
δ∈∆ϵ

Q̄
(
s, πE(s) + δ

)
− Q̄

(
s, πE(s)

)
≥ 0. (5)

The first term is the worst outcome value attainable by an admissible perturbation of the expert
action, while the second term is the outcome value of executing the expert action itself. Because
larger Q̄ corresponds to worse outcomes under our reward convention, Cϵ(s) is large when a small
admissible action error can make failure substantially more likely, and close to zero when the state
is forgiving.

In practice, we estimate (5) with an adversary δπ(s) learned jointly with the critic. Both the critic
Q̄ and the adversary are trained in the residual MDP induced by the learned imitation policy π as
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the base controller. At evaluation time, however, we compute the criticality score around the expert
action πE(s) on demonstration states:

∆Q(s) = Q̄
(
s, πE(s) + δπ(s)

)
− Q̄

(
s, πE(s)

)
. (6)

This evaluation asks whether a small prediction error around the demonstrated action would sub-
stantially increase the likelihood of downstream failure. A state is critical when ∆Q(s) is large: a
small disturbance drives the value toward 0, flipping a likely success into a likely failure, so the task
is sensitive to exactly how the action is executed there. A state is forgiving when ∆Q(s) ≈ 0, i.e.
no admissible disturbance appreciably changes the downstream outcome.

Learning the adversary. The adversary policy is a network µθ that maps a state to a disturbance,
δθ(s) = ϵ⊙tanh

(
µθ(s)

)
, where the tanh bounds each coordinate in [−1, 1] and ϵ rescales the output

to the per-coordinate budget. Thus, δθ(s) ∈ ∆ϵ for every state. We train µθ jointly with the critic
using soft actor-critic (SAC) in the residual MDP. The disturbance actor maximizes Q̄

(
s, π(s) +

δθ(s)
)
, i.e. it seeks the most failure-prone admissible disturbance, and at convergence it provides

the δπ(s) used in Eq. (6). See Algorithm 1 (Appendix A.1).

The critic is implemented as a clipped double-Q pair and trained using temporal-difference tar-
gets with Polyak-averaged target networks. We denote the conservative critic used for scoring
by Q̄(s, a) = min

i
Qϕ̄i

(s, a). The actor is entropy-regularized with an automatically tuned tem-

perature. During training, transitions (s, δ, r, s′) are collected by executing the disturbed action
a = clipA

(
π(s) + δπ(s)

)
in the environment and storing the resulting transition in a replay buffer.

This ensures that the adversary is trained on the same clipped physical actions that critic evaluates.

Sampling-distribution calibration Both downstream uses of SCRIM (Section 5) first turn the per-
state criticality scores into a sampling distribution over the demonstration states through a single,
measure-agnostic pipeline. Specifically, we z-score standardize the criticality scores to zi and map
them to the temperature-T softmax pi(T ) ∝ exp(zi/T ). We choose the temperature T so that the
resulting distribution reaches a common target sharpness, measured by its fractional effective sample
size ESS%. We defer the standardization procedure, the definition of ESS, and the temperature-
selection details to Appendix A.3. The calibrated criticality scores can then be used for policy
improvement, e.g., by upweighing critical samples.

5 Experiments

The experiments are designed to answer four questions: (i) does SCRIM identify intuitive critical
states in a manipulation task, and more reliably than existing criticality heuristics?, (ii) does weight-
ing behavior cloning by SCRIM improve policy performance?, (iii) can SCRIM curate a small subset
of demonstrations that retains, or improves on, full-data performance? (iv) can SCRIM be feasibly
evaluated on hardware via real world RL, and does it improve a real-world VLA policy? We study
(i)–(iii) in simulation (Section 5.1) and validate (iv) on hardware (Section 5.2).

5.1 Simulation Results

We consider four diverse manipulation tasks spanning a range of difficulty levels and requiring
precise contact-rich interaction making them suitable for studying state criticality: stacking cubes,
faucet turning, nail hammering and peg insertion. The tasks are spread across two benchmark en-
vironments: Hammer is the MetaWorld [28] task (grasp a hammer and drive in a nail), with 84×84
RGB and a 4-dim proprioceptive vector as observations and a 4-dim end-effector action; its BC
policy is a deterministic CNN+MLP trained on 20 expert demonstrations. StackCube, PegInsertion
and TurnFaucet are ManiSkill2 [29] tasks with state observations and a Behavior Transformer [30]
BC policy with 20 time-steps of history; trained on 974, 986 and 1008 demonstrations across 10
faucet models, respectively. All actions are normalized to [−1, 1]da .

To estimate criticality we freeze π and train the SAC adversary against it (Section 4) with a sparse
success reward and a small in-budget disturbance bound (0.20 per axis for MetaWorld task, 0.005 for
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Figure 2: Per-method criticality along Hammer (MetaWorld) task demonstration. All measures
min–max normalized to a common scale.

the ManiSkill2 tasks). To facilitate comparison, every criticality measure—ours and the baselines—
is mapped to a sampling distribution by the same pipeline, calibrated for every measure to the same
ESS, effective sample size, so that the distributions are similarly peaked, differing only in which
states they emphasize. We report task success rate and defer per-environment details to Appendix
A.2.

Baselines. SCRIM is compared against the following five baselines, each of which assigns a scalar
criticality score to state s usable for both data weighting and data selection similarly to SCRIM:
(i) uniform sampling, the standard i.i.d. imitation-learning baseline that treats every state as equally
important; (ii) distance to object of interest, a geometric heuristic that scores states by the (negative)
end-effector–object distance and requires a known target pose; (iii) action magnitude, which scores
states by −∥a∥ on the premise that intricate, contact-rich manipulation uses smaller commanded
actions than coarse free-space motion; (iv) policy Q-function variance [31], the empirical variance
Vara∼U(A)

[
Qπb(s, a)

]
of the base policy’s Q-value over actions sampled uniformly from A; and

(v) Q-value discrepancy [13], the gap max
a

Qπ(s, a)− 1
|A|

∑
a

Qπ(s, a) between the best and average

Q-value at a state. More detailed baseline descriptions are presented in the appendix in Sec. A.4.

Criticality estimates. To qualitatively analyze the criticality measures, Fig. 2 plots each score along
a single hammer demonstration. SCRIM rises as the gripper approaches the hammer immediately
before the grasp, identifying the alignment over the handle as the most critical phase. This state is
not obviously critical from task progress alone: the gripper has not yet contacted the object, but a
small action error can prevent a stable grasp of the handle, causing the hammer to fall and derailing
the episode. In contrast, with good alignment, the grasp itself and the states far from the alignment
phase are forgiving, with action errors recoverable in subsequent steps.

Figure 3: Faucet mod-
els ordered by mean
SCRIM over the demon-
strations, from the two
easiest (top) to the two
hardest (bottom).

By contrast, the baselines peak away from this alignment phase. Dis-
tance to object rises as the gripper nears the hammer but is flat after-
ward, failing to separate the post-grasp states; action magnitude spikes
at every phase transition, but there are several such transitions and not
necessarily critical. The value-based baselines, Q-function variance and
Q-value discrepancy, miss the alignment phase, peaking narrowly dur-
ing contact-rich phases where the learned Q-function is most sensitive to
action variation. However, sensitivity across arbitrary actions is not nec-
essarily the same as vulnerability to small, policy-relevant action errors.
SCRIM directly targets the latter by measuring the worst-case degrada-
tion induced by bounded perturbations around the demonstrated action.
Additionally, the value-based baselines aggregate expectations or vari-
ances across all actions, requiring an accurate Q-function everywhere. In contrast, SCRIM only
requires reliable value estimates in the local neighborhood of the policy actions explored by the
adversary, focusing the estimate on the perturbations most relevant to imitation errors.
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Figure 4: Action error vs. state criticality. Histograms of BC action-error percentile against
SCRIM- percentile on two tasks, each under Uniform BC and SCRIM-weighted BC. Each panel
is annotated with its Spearman correlation ρ and success rate.

Table 1: Weighted training. Success rates (%) over 100 rollouts. Each criticality measure is used
to weight the sampling of states during training (Section 5.1). Best per task in bold.

Method StackCube TurnFaucet PegInsertion Hammer Average

Uniform sampling (BC) 68.0 39.0 26.0 61.0 48.5
Distance to object 4.0 4.0 0.0 0.0 2.0
Action magnitude 41.0 21.0 5.0 69.0 34.0
Q-function variance 77.0 44.6 10.0 65.0 49.2
Q-value discrepancy [13] 74.0 33.0 10.0 67.0 46.0
Ours 91.0 47.0 25.0 83.0 61.5

SCRIM as a measure of task difficulty. Because SCRIM is computed from a single critic trained
across demonstrations of the same task, its scores are comparable across trajectories and task vari-
ations and appears to be an effective proxy for the relative task difficulty. We illustrate this on the
TurnFaucet task, where different faucet geometries induce different levels of manipulation difficulty.
Ordering faucet models by their SCRIM yields an intuitive easy-to-hard ranking (Fig. 3): models
with broad, forgiving handles have low mean SCRIM, whereas models requiring precise grasping
and turning have higher mean SCRIM.

Weighted imitation. Demonstration datasets are dominated by non-critical states, with easily re-
coverable free-space motions heavily outnumbering the few critical states where a small action error
can cause failure. Uniform BC spreads its capacity uniformly across samples, decreasing the im-
itation accuracy in these decisive states, which can now be addressed using SCRIM. Taking the
calibrated distribution p from Section 4 (Eq. 7 in Appendix A.3), we form mean-one per-sample
weights wi = N pi and train a fresh policy by minimizing the BC objective (Eq. 1) reweighted by
wi, equivalently sampling each minibatch from p with replacement so the policy sees the decisive
states more often during training.

Table 1 reports the success rates for SCRIM-weighted BC and the various baselines. SCRIM weight-
ing improves the average success rate over uniform BC, gaining on three of the four tasks and es-
sentially matching it on PegInsertion. It also outperforms the other baseline weights: the strongest,
Q-function variance, lands barely above uniform BC, while the geometric heuristics fare poorly
because their weighting underweights genuinely critical states. This policy improvement provides
strong evidence that SCRIM is a more effective criticality measure than the baselines.

Figure 4 analyzes more closely the distribution of action-error percentile vs SCRIM percentile and
its influence on policy improvement. For uniform BC on StackCube demonstrations, the action
error rank-correlates positively with criticality, with the distribution more heavily concentrated in
regions with higher criticality and higher action-error. SCRIM-weighting flattens this relationship
reducing error precisely at these states and raising the success rate. Conversely, SCRIM weighting
appears to improve base policy success rates only when the base policy exhibits higher action errors
at critical states, as seen for the PegInsertion task. This reveals a limitation of policy improvement
using SCRIM: due to lack of RL-style exploration for new behaviors, it cannot improve overall
performance beyond demonstration data if the base policy is already accurate at critical states.
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Table 2: Matched interaction. Success (%) of
residual RL [11] and Ours. Match: extra inter-
action residual RL needs to reach Ours.

Task Budget Res. RL Ours Match

StackCube 100k 0.0 85.0 7.5×
TurnFaucet 200k 16.0 52.0 1.5×
PegInsertion 500k 0.0 18.0 5.8×
Hammer 100k 79.0 74.0 —

Residual policy to improve performance. A
natural alternative for policy improvement is to
train a residual RL policy that corrects the base
policy rather than SCRIM’s adversarial RL ap-
proach. Our intuition is actions that break a
task are more abundant than corrective actions
that improve a policy, thereby making adversarial
RL a fundamentally easier problem due to RL’s
sampling-based exploration. To validate this intu-
ition, we also trained a residual-RL baseline [11]
using SAC, where a residual actor learns a bounded corrective delta on the frozen base. Under a
matched interaction budget, residual RL falls below the base policy it is meant to correct on all three
ManiSkill tasks, while SCRIM-weighted BC already improves on it for StackCube and TurnFaucet;
residual RL needs several times more interaction to catch up (Table 2). Hammer is the exception:
residual RL improves the base policy readily and leads early, although SCRIM reaches the same
peak success within 500k interactions. SCRIM’s interaction efficiency is therefore task-dependent,
and the two approaches are complementary.

Curation of datasets that amplify critical signals We next investigate SCRIM for data curation:
selecting an informative subset of demonstrations under a data budget. Using the same softmax
conversion of the criticality scores as in training, we sample without replacement to retain 25% of the
dataset and then train standard BC on this subset (Table 3). SCRIM attains the best average success
rate and wins on three of the four tasks, with uniform selection narrowly ahead on PegInsertion.
With only a quarter of the data, SCRIM-selected subsets match or exceed uniform BC trained on the
full dataset, indicating its effectiveness for task-relevant data curation.

Table 3: Data selection. Success rates (%) over 100 rollouts. Each criticality measure is converted
into a sampling distribution over demonstration states, from which 25% of the states are drawn
without replacement; standard i.i.d. behavior cloning is then trained on this subset (Section 5.1). For
reference, the top panel reports behavior cloning and Ours trained on the full (100%) dataset. Best
per column among the 25% methods in bold. † Ours at 100% is our criticality-weighted training of
Table 1, included here as reference.

Data Method StackCube TurnFaucet PegInsertion Hammer Average

10
0%

Uniform (BC) 68.0 39.0 26.0 61.0 48.5
Ours† 91.0 47.0 25.0 83.0 61.5

Su
bs

et
(2

5%
) Uniform sampling 73.0 41.0 14.0 60.0 47.0

Distance to object 9.0 1.0 0.0 0.0 2.5
Action magnitude 39.0 12.0 7.0 60.0 29.5
Q-function variance 76.0 37.0 8.0 70.0 47.8
Q-value discrepancy [13] 81.0 29.0 11.0 73.0 48.5
Ours 83.0 43.0 13.0 77.0 54.0

5.2 Hardware

We further validated SCRIM on hardware, demonstrating that it can be feasibly learned through
limited real-world interaction. The study investigated two tasks using Franka Panda manipulator
for which demonstration data was collected via teleoperation: StackCube (stack the red cube on the
green cube; 70 demonstrations) and TapeHang (hang the tape on a hook; 100 demonstrations). The
base policy for each task was obtained by finetuning π0.5 [6], a vision-language-action model. The
adversarial residual RL agent is trained with SAC [32] directly on the robot, adding a bounded dis-
turbance δ to the base-policy action (implementation details in Appendix A.5). Adversarial training
was found to be effective with only 50 rollouts for StackCube and 150 for TapeHang, indicating our
method’s effectiveness for real-world RL.
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Table 4: Hardware. Success (%) of the fine-
tuned π0.5 over 25 rollouts. Residual-RL training
episodes in parentheses.

Data Method StackCube TapeHang

100%
Uniform (BC) 56.0 56.0
Residual RL [11] 60.0 (50) 4.0 (150)
Ours 76.0 88.0

25% Uniform sampling 52.0 48.0
Ours 68.0 60.0

Weighted imitation and curation on hard-
ware. We repeat the weighting and 25% cura-
tion studies with the hardware SCRIM scores,
re-finetuning π0.5 on each resulting dataset and
evaluating 25 rollouts per task–policy pair (Ta-
ble 4). SCRIM-weighted training raises suc-
cess from 56% to 76% on StackCube and from
56% to 88% on TapeHang. Residual RL [11]
given the same number of real-world episodes
as the adversary barely improves StackCube
and severely degrades TapeHang, mirroring the matched-interaction results in simulation (Table 2).
With a 25% subset, SCRIM selection again outperforms uniform selection on both tasks, showing
that SCRIM’s benefits carry over from state-based simulated policies to a real-world VLA.

Mean trajectory criticality flags fragile demonstrations. Because criticality is comparable across
task trajectories, a demonstration’s mean SCRIM grades its quality. A high mean value indicates
a fragile success that a small execution error would have turned into a failure, while a low mean
marks a robust one. Fig. 5 shows two such cube-stacking demonstrations: the high-mean one places
the cube on the edge of the support, where it barely balances and a slight deviation would topple it,
whereas the low-mean one sets it down centered and stable.

Figure 5: SCRIM distinguishes a brittle (left) from a robust (right) cube-stacking demonstration.

6 Limitations and Future Work

SCRIM estimates criticality without requiring expert supervision, but it still requires interaction
with the environment. Although this is more targeted than training a full residual RL policy, it
may still be difficult in real-world settings where failures are costly. Future work could address
this by learning criticality in simulation, using real-to-sim reconstruction from demonstration, or
from logged failure data with offline RL. SCRIM also improves imitation only within the support
of the available demonstrations. It can identify and emphasize consequential states, but it cannot
discover missing strategies or recovery behaviors absent from the dataset. An important direction
is to use criticality to guide exploration or targeted data collection, focusing interactions near high-
criticality states. Finally, learning language-conditioned critics that generalize across objects, tasks,
and embodiments is an exciting direction. Our faucet and hardware experiments suggest this may
be feasible, since SCRIM can already be trained across task variations and with task instructions
included in the observation.
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A Appendix

A.1 SCRIM algorithm

Algorithm 1 summarizes SCRIM end to end. Phase 1 trains an adversarial disturbance policy µθ

and a value critic in the residual MDP M̃ ϵ
π with soft actor-critic (SAC) [32]; Phase 2 uses the con-

verged conservative critic Q̄ and the deterministic adversary δπ to score every demonstration state
with the criticality estimator ∆Q(s) (Eq. 6). The diffusion/visual base policy, action chunking,
and exploration-scheduling details of any particular instantiation are abstracted away; the base con-
troller is simply the frozen imitation policy π. The returned scores feed the sampling-distribution
calibration of Appendix A.3.

Algorithm 1 SCRIM (State CRIticality Measure)

Require: base imitation policy π, per-coordinate budget ϵ, demonstrations D = {(s, πE(s))}, dis-
count γ, Polyak rate τ

Ensure: criticality scores {∆Q(s)}s∈D

// Phase 1: train adversary and critic in M̃ ϵ
π with SAC

1: initialize twin critics Qϕ1
, Qϕ2

, targets ϕ̄i←ϕi, adversary µθ, temperature α, replay buffer B
with disturbance policy πadv(· | s), mean δθ(s) = ϵ⊙ tanh(µθ(s)) ∈ ∆ϵ

2: repeat
3: sample δ ∼ µθ(· | s); execute a = clipA

(
π(s) + δ

)
; observe next state s′

4: reward r ← −1 if the rollout succeeds, else 0; store (s, δ, r, s′, d) in B
5: sample a minibatch from B; draw δ′ ∼ µθ(· | s′)
6: y ← r + γ (1− d)

[
min
i

Qϕ̄i

(
s′, π(s′) + δ′

)
− α log πadv(δ

′ | s′)
]

7: update critics: minimize
∑

i

(
Qϕi

(
s, π(s) + δ

)
− y

)2
8: update adversary µθ: maximize min

i
Qϕi

(
s, π(s) + δθ(s)

)
− α log πadv(δθ(s) | s)

9: update temperature α toward the target entropy
10: Polyak update targets: ϕ̄i ← τϕi + (1− τ)ϕ̄i

11: until converged
12: set conservative critic Q̄← min

i
Qϕ̄i

and deterministic adversary δπ(s)← ϵ⊙ tanh(µθ(s))

// Phase 2: score demonstration states around the expert action
13: for each (s, πE(s)) ∈ D do
14: ∆Q(s)← Q̄

(
s, πE(s) + δπ(s)

)
− Q̄

(
s, πE(s)

)
▷ Eq. 6

15: end for
16: return {∆Q(s)}

A.2 Simulation setup and per-environment details

All actions are normalized to [−1, 1]da . MetaWorld (Hammer). Observations are 84×84 RGB
images and a 4-dimensional proprioceptive vector, and the action is a 4-dimensional end-effector
command. The base policy is a deterministic CNN+MLP trained on 20 expert demonstrations. The
SAC adversary is trained for 5×105 steps with a disturbance bound of 0.20 per axis. ManiSkill2
(Stack Cube, Turn Faucet, PegInsertion). These tasks use state observations and a Behavior
Transformer [30] base policy with 20 time-steps of history. StackCube, TurnFaucet, and PegInser-
tion are trained on 974, 1008, and 986 demonstrations respectively (Turn Faucet spanning 10 faucet
models). Table 5 lists the disturbance bound and the interaction budgets of each task.

A.3 Sampling-distribution calibration

This expands the calibration pipeline summarized in Section 4. Denote by gi the criticality score
at transition i. Each score is z-score standardized, zi = (gi −mean(g))/(std(g) + ξ) with a small
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Table 5: Disturbance bounds and interaction budgets. Environment interactions used to train the
SCRIM adversary behind Table 1 baselines.

StackCube TurnFaucet PegInsertion Hammer

Disturbance bound ϵ (per axis) 0.005 0.005 0.002 0.20
SCRIM adversary 200k 100k 1M 500k

ξ > 0 for numerical stability, and mapped to a distribution at temperature T ,

pi(T ) =
exp(zi/T )∑N
j=1 exp(zj/T )

. (7)

Because the softmax is shift and scale invariant, standardization only fixes a common temperature
scale across measures whose raw scores have very different magnitudes.

We set T through the sharpness of p, measured by its fractional effective sample size,

ESS(T ) =

(∑
i pi

)2∑
i p

2
i

=
1∑
i p

2
i

, ESS%(T ) =
100

N
ESS(T ) ∈ (0, 100], (8)

which equals 100% for the uniform distribution and decreases as mass concentrates on a few tran-
sitions. Since ESS%(T ) increases monotonically in T , we select the temperature T ⋆ that attains a
target ESS% = τ by bisection and use p ≡ p(T ⋆). The target τ is a hyperparameter.

Table 6 lists the selected target and the resulting temperature for SCRIM on each task, and the
success rate of SCRIM-weighted BC across targets. Performance is robust to the choice of target
across the tested targets, above uniform BC throughout.

Table 6: Sampling target. Top: selected ESS% target τ and resulting temperature T ⋆ for SCRIM.
Bottom: success rate (%) of SCRIM-weighted BC across ESS% targets.

StackCube TurnFaucet PegInsertion Hammer

ESS% target τ 44.7 40.6 69.7 50.0
Temperature T ⋆ 1.97 1.72 3.75 5.62

StackCube (uniform BC 68.0)
ESS% 8.7 25.2 44.7 72.0
Success (%) 87.0 84.0 91.0 87.0

TurnFaucet (uniform BC 39.0)
ESS% 10.0 19.8 40.6 75.0
Success (%) 46.0 43.0 47.0 43.0

A.4 Baseline details

Uniform sampling (i.i.d. setting) Uniform sampling treats every state as equally important, sam-
pling uniformly from the dataset during training and selecting a subset of the data with equal prob-
ability for each state. This is the standard approach in imitation learning and serves as a natural
baseline for our method.

Distance to object of interest A purely geometric heuristic that uses the distance between the end-
effector and the object of interest as a proxy for criticality: states close to the object are deemed
critical and states far from it are not. This baseline relies only on the scene geometry and ignores both
the expert action and the value function. Also, it can only be applied when we have the information
about the target object’s position.

Action magnitude We observe that the critical states that can be derailed by a small error are of-
ten those requiring intricate manipulation (e.g. grasping or insertion), which involve smaller com-
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Figure 6: Per-method criticality along StackCube (ManiSkill) task demonstration.All measures
min–max normalized to a common scale.
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Figure 7: Per-method criticality along TurnFaucet (ManiSkill) task demonstration.All measures
min–max normalized to a common scale.

manded actions than the coarse movements such as reaching that exhibit larger action magnitudes.
This baseline therefore scores criticality by the (negative) magnitude of the expert action, −∥a∥,
treating low-magnitude actions as more critical.

Policy Q-function variance We use the spread of the base BC policy’s Q function Qπb across
actions as a measure of criticality, following Karino et al. [31]. Concretely, we sample M actions
uniformly from the action space and score a state by the empirical variance Vara∼U(A)

[
Qπb(s, a)

]
.

High variance indicates that Qπb varies strongly with the action choice and the state is sensitive to
action errors, whereas low variance indicates the value is similar across many actions and the state
is relatively forgiving.

Q-value discrepancy Huang et al. [13] propose the gap between the best achievable Q-value at a

state and the expected value over all actions, max
a

Qπb(s, a) − 1

|A|
∑
a

Qπb(s, a), as a measure of

criticality. A large discrepancy means that a random action yields a substantially worse long-term
return than the optimal action, marking the state as highly critical, whereas a small discrepancy
means that most actions yield comparable value.

For the last two baselines, Qπb is trained independently of SCRIM by fitted Q evaluation. The
frozen base policy is rolled out in the environment with the sparse success reward, episodes ending
on success, and γ = 0.97. A twin-Q critic is regressed onto the targets r + γmin

i
Qϕ̄i

(s′, πb(s
′))

with Polyak-averaged target networks and no actor.

15



t = 0 t = 23 t = 46 t = 69 pre-insert (t = 105)

0 20 40 60 80 100
time step

0.0

0.5

1.0

no
rm

al
iz

ed
cr

iti
ca

lit
y

SCRIM (ours) gripper–object distance action magnitude BC-Q variance BC-Q gap

Figure 8: Per-method criticality along PegInsertionSide (ManiSkill) task demonstration.All
measures min–max normalized to a common scale.
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Figure 9: Action error vs. state criticality. Histograms of BC action-error percentile against
SCRIM- percentile on two tasks, each under Uniform BC and SCRIM-weighted BC.

A.5 Hardware setup and adversary details

Base policy. Each task’s π0.5 base policy was finetuned for 30k training steps with an action-
chunk horizon of 16, and is served at 15Hz with replanning every 4 steps. The policy observes three
256×256 camera views (top, wrist, and side), an 8-dimensional proprioceptive vector, and the task
language prompt, and acts in a 7-dimensional delta end-effector pose with gripper.

Adversary. Each policy query returns an action chunk together with the mean-pooled VLM prefix
embedding, a 2048-dimensional summary of the images, proprioception, and prompt. This embed-
ding is sent as the observation to the adversarial residual RL agent, trained with SAC [32] directly on
the robot. The adversary acts on the 4-step executed chunk, so its action has dimension 28 = 7× 4.
Its tanh-squashed output is scaled by a task-specific residual envelope ρ and added to the base-
policy chunk before clipping to the robot safety limits. The translation residual scale is 0.007m for
both tasks; the gripper scale is 0.4; the rotation scales are 0.015 rad on all axes for StackCube and
(0.0275, 0.0131, 0.0216) rad for TapeHang. The critic networks use layer normalization, and the
replay buffer is warm-started from the demonstration dataset.

Real-world SCRIM computation. For each demonstration chunk we replay the frozen π0.5 policy
to obtain the base chunk abase and encode the demonstrated expert chunk as δdemo = clip((aexpert−
abase)/ρ,−1, 1). Let δ⋆ denote the deterministic adversary output at the same state embedding. The
hardware criticality score used in Fig. 1 and Fig. 5 is

∆Qdemo = Q̄
(
s, abase + ρ⊙ (δdemo + δ⋆)

)
− Q̄

(
s, abase + ρ⊙ δdemo

)
. (9)

This is the same failure-value increase as Eq. 6, evaluated around the demonstrated action in the
chunked real-robot action space. For plotting, each chunk-level value is held constant over its cor-
responding control ticks.
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Figure 10: SCRIM distinguishes a brittle (left) from a robust (right) tape-hang demonstration.

A.6 Learning SCRIM without physical interaction via real2sim

The interaction SCRIM requires need not take place on the physical system. To test this, we
reconstructed our hardware StackCube demonstrations in simulation via real2sim, trained a vision-
based diffusion policy on the reconstructed data, and trained the SCRIM adversary and critic entirely
in simulation against this policy. Despite the real2sim gap, the simulation-derived SCRIM scores
correlate with the scores obtained from hardware interaction and recover the same critical phases,
peaking around grasping and placement. Using these scores for SCRIM-weighted training improves
the policy’s success rate in simulation from 40% to 66%. This suggests that SCRIM’s interaction can
be shifted to a suitable surrogate environment, and that approximate criticality estimates obtained
under model mismatch remain useful for downstream policy improvement. Whether this simulated
policy improvement transfers back to the physical robot (sim2real) remains to be verified, and we
leave this investigation to future work.

A.7 Choosing the perturbation bound

The perturbation bound is shared across action coordinates (ϵj = ϵ in Eq. 3). We choose it by rolling
out the frozen base policy with uniform random residuals a = π(s)+ ϵu, u ∼ U [−1, 1]d, resampled
at every step (50 episodes per ϵ; Table 7). If random residuals leave success unchanged, ϵ is too
small for any disturbance to matter; if they already collapse success, every state appears critical and
∆Q stops discriminating between states. Table 8 reports SCRIM-weighted BC across ϵ at a fixed
ESS% target.

Table 7: Random-residual calibration (StackCube). Success rate (%) of the frozen base policy
under uniform random residuals of size ϵ.

ϵ 0 0.001 0.003 0.005 0.01 0.02 0.05

Success (%) 72.0 64.0 42.0 24.0 14.0 0.0 0.0

As shown in Table 8, SCRIM is nevertheless robust over a broad range of bounds.

Table 8: Sensitivity to the perturbation bound. Success rate (%) of SCRIM-weighted BC for each
ϵ at a fixed ESS% target.

ϵ 0.003 0.005 0.01 0.02 0.05

StackCube (uniform BC 68.0)
Success (%) 83.0 91.0 73.0 77.0 73.0

TurnFaucet (uniform BC 39.0)
Success (%) 42.0 47.0 37.0 42.0 42.0
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A.8 Causal validation of SCRIM

We test whether SCRIM predicts where action errors matter by perturbing the base policy at only a
fraction k of steps. At every step, SCRIM is computed around the base action, Q̄(s, π(s)+δπ(s))−
Q̄(s, π(s)), and the disturbance is applied when the score exceeds its (1−k) percentile over 25 clean
rollouts. As a control, the same fraction of steps is selected at random. The disturbance is either
the trained ϵ-bounded adversary δπ(s) or uniform ϵ-noise U [−ϵ, ϵ]d (100 episodes per condition;
Table 9).

Table 9: Score-gated disturbance. Drop in success rate (percentage points) relative to clean rollouts
when the disturbance is applied at a fraction k of steps.

StackCube TurnFaucet PegInsertion Hammer

Gated fraction k 5% 5% 30% 10%
Clean success (%) 69.0 29.0 13.0 66.0

Adversary at high-SCRIM states 13.0 13.0 13.0 20.0
Adversary at random states 6.0 4.0 6.0 1.0
Uniform ϵ-noise at high-SCRIM states 1.0 0.0 0.0 3.0

Applied at high-SCRIM states, the adversary degrades success at least twice as much as at the
same fraction of random states, while the uniform ϵ-noise at the same states barely changes suc-
cess. SCRIM therefore captures vulnerability to specific failure-inducing directions, not generic
sensitivity to random noise.

A.9 Robustness to critic error

We corrupt every critic query inside the SCRIM score of Appendix A.8 with independent Gaussian
noise N (0, σ2), σ = c · std(Q), where std(Q) is the standard deviation of Q̄(s, π(s)) over clean
rollouts. Gating thresholds are recomputed under the noise, so the gated fraction stays at k. The
score SNR is std(∆Q)/(

√
2σ). We also gate and attack with the adversary and critic checkpoint

saved halfway through training (Table 10).

Table 10: Degraded critics. Drop in success rate (percentage points) from the adversary at high-
SCRIM states, with the score SNR in parentheses, at the gated fractions of Table 9.

StackCube TurnFaucet PegInsertion Hammer

Noise scale c = 0 13.0 13.0 13.0 20.0
c = 0.003 16.0 (14.3) 12.0 (4.1) 13.0 (12.2) 20.0 (18.4)
c = 0.01 14.0 (4.3) 9.0 (1.2) 8.0 (3.7) 19.0 (5.5)
c = 1 3.0 (0.04) −1.0 (0.01) 5.0 (0.04) 2.0 (0.06)

Halfway checkpoint 4.0 1.0 5.0 23.0
Random states (reference) 6.0 4.0 6.0 1.0

At c = 0.003 (SNR 4.1–18.4), the drops remain comparable to the noise-free values, and at c = 0.01
they remain 8–19 points. Once the noise approaches the local ∆Q scale (SNR ≤ 1), the effect be-
comes task-dependent, and at c = 1 the drops collapse to −1 to 5 points. SCRIM therefore tolerates
moderate zero-mean query noise only while the local value gap remains resolvable. Undertraining
has a task-dependent effect: on Hammer, the halfway checkpoint is as effective as the final one,
whereas on the ManiSkill tasks its drops fall to at most 5 points, no more than random gating. We
therefore do not claim general robustness to critic undertraining.
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