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Abstract— Imitation learning advances robot capabilities by
enabling the acquisition of diverse behaviors from human
demonstrations. However, large-scale datasets used for policy
training often introduce substantial variability in quality, which
can negatively impact performance. As a result, automatically
curating datasets by filtering low-quality samples to improve
quality becomes essential. Existing robotic curation approaches
rely on costly manual annotations and perform curation at
a coarse granularity, such as the dataset or trajectory level,
failing to account for the quality of individual state-action
pairs. To address this, we introduce SCIZOR, the first self-
supervised transition-level curation framework that requires
no annotations and scales to large-scale datasets to improve
the performance of imitation learning policies and modern
Vision-Language-Action (VLA) models. SCIZOR targets two
complementary sources of low-quality data: suboptimal data,
which hinders learning with undesirable actions, and redun-
dant data, which dilutes training with repetitive patterns.
SCIZOR leverages a self-supervised task progress predictor
for suboptimal data to remove samples lacking task progres-
sion, and a deduplication module operating on joint state-
action representation for samples with redundant patterns.
Empirically, we show that SCIZOR enables imitation learning
policies and modern VLA models to achieve higher performance
with less data, yielding an average improvement of 15.4%
across multiple benchmarks. More information is available at:
https://scizor-icra2026.github.io

I. INTRODUCTION

Imitation learning has shown promising signs in acquiring
a wide range of motor behaviors by learning from expert
demonstrations, a necessary step towards general-purpose
robots. Recent advances in Vision-Language-Action (VLA)
models have highlighted the potential of large-scale im-
itation learning, where massive datasets spanning diverse
tasks and environments are used to train generalist poli-
cies. Such diverse, large-scale data collection inherently
introduces variability in data quality [1], [2], [3], including
mistakes made by operators leading to suboptimal actions
(e.g., dropping an object), or redundancy in data leading to
skewed distributions. Such a dataset can misguide models
into learning incorrect behaviors [1], [4] and hinder diversity
[3], reducing the impact of rare but informative actions.
Therefore, effective data curation, the process of filtering
data to improve the data quality [5], [6], becomes critical
for building robust and high-performing imitation learning
policies.

Early efforts in robotic data curation have relied heavily
on human annotations to label high- and low-quality data
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[1], but these methods have largely been confined to small-
scale datasets. As data scales up, manual annotation becomes
infeasible, making it important to automatically curate data,
an approach that has already shown promise in fields like
computer vision (CV) and natural language processing (NLP)
[7], [8], [9], [10]. Specifically in robot learning, a key
challenge in this process to maximize data utilization is
the need for curating at the finest granularity: we must
evaluate the quality of individual state-action pairs. For
instance, a trajectory may include an initial failed grasp
attempt followed by a successful recovery, containing both
suboptimal and valuable segments. Effective curation should
isolate and remove only the uninformative or erroneous
segments, like the failed grasp, while preserving segments
that provide useful learning signals. The different impact of
individual data points for learning has also been underscored
in prior work, such as weighted behavior cloning [4], [11],
[12]. However, current large-scale imitation learning curation
methods have yet to address data quality at a fine-grained
level. Existing approaches typically curate by reweighting
entire dataset domains [13], [5] or discarding entire trajec-
tories [6], [14], overlooking the contribution and quality of
individual state-action pairs.

Effectively curating individual state-action pairs is chal-
lenging, especially in large-scale datasets, as robot demon-
strations typically lack dense reward annotations, making
it difficult to assess the quality of every interaction step.
To address this, we develop a self-supervised approach for
filtering low-quality state-action pairs, offering a scalable
solution for improving data quality in imitation learning.
Our work is motivated by two key observations: (1) sub-
optimal transitions, which contain undesirable actions like
collision, jittering, and other erroneous actions, can degrade
policy performance by reinforcing incorrect behaviors; and
(2) redundant transitions, which repeat common patterns
excessively, can dilute the learning signal by dominating
other informative and diverse samples.

We introduce SCIZOR, the first self-supervised,
transition-level data curation method that scales to
the Open-X Embodiment Dataset [15] with more than
one million trajectories for large-scale models such
as the Octo [13] vision-language-action (VLA) model
of over 27M parameters. SCIZOR is a self-supervised
data curation method that reduces dataset size by filtering
out suboptimal and redundant state-action pairs. First,
to identify suboptimal data without access to reward
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Fig. 1. SCIZOR overview. Each trajectory from the original robotic datasets is simultaneously passed through the suboptimal transitions removal module
and the redundant transitions removal module. Each module removes data, resulting in a curated dataset. A policy trained on the curated dataset achieves
a higher success rate.

information, we train a self-supervised task progress
predictor using temporal distance classification [16], [17],
[18], and remove frames that do not demonstrate meaningful
progress toward the task goal. For instance, imagine a robot
attempting to grasp an object and failing, then immediately
trying again and succeeding. The initial failed attempt
produces little or even negative progress, so it is discarded.
The subsequent successful grasp, however, still advances
the task and is retained. Second, to remove redundant data,
a key insight is that some segments may appear visually
similar while differing substantially in the executed actions,
and vice versa. Therefore, both visual observations and
their corresponding actions must be considered for effective
deduplication. To this end, we apply deduplication [7] using
joint representations of state and action to identify and filter
redundant state-action pairs. We then filter out frames based
on similarity scores to reduce repetition while preserving
dataset diversity. In summary, the suboptimal frame filter
targets harmful or noisy supervision, while the redundancy
filter removes overrepresented patterns. Together, the two
deletion strategies complement each other by targeting
distinct modes of low-quality data.

In summary, our key contributions are as follows:
• We propose a unified framework for transition-level data

curation that filters both suboptimal and redundant state-
action pairs in large-scale imitation learning datasets for
imitation learning policies and modern Vision-Language-
Action models.

• We introduce a suboptimality detector based on self-
supervised task progress estimation, and a deduplication
module that removes repetitive data to preserve data di-
versity.

• We empirically demonstrate that SCIZOR improves policy
performance across diverse large-scale imitation learning
benchmarks, showing on average 15.4% improvement.

II. RELATED WORK

a) Imitation Learning on Large-Scale Robot Datasets.:
Imitation learning has been a popular approach to learn

robot policy from human demonstrations [19], [20], [1], [21]
to scale up robot policy generalization and enable diverse
behaviors, there has recently been progress in large-scale
multi-task imitation learning [22], [23], [13], [24], [25],
[26] trained on robot trajectory data of a wide variety of
tasks. This progress is driven not only by advances in policy
architectures [22], [1], [27], [28], but more importantly the
collection of large-scale datasets in both real-world [29],
[15], [30], [31] and simulation [32], [33]. These datasets
are often collected from multiple institutions using varied
hardware configurations and teleoperation systems [34], [35],
[36], [37], [38], [39], [38], resulting in inconsistencies in
quality and redundancy across different datasets. Although
robotics datasets have been scaled to unprecedented sizes, the
study of dataset quality and data curation methods remains
preliminary.

b) Data Curation in Vision and Language Models.:
Data curation, which is the selection and filtering of data
for better training results, have been extensively studied in
both computer vision and language modeling to address the
challenges posed by large-scale, heterogeneous datasets [8].
In vision, LAION-5B [9] uses pretrained encoders like CLIP
to assign data quality on the samples. In language modeling,
data mixture strategies like DoReMi [10] balance various
data sources for distribution robustness, while deduplication
methods like SemDeDup [7] remove near-duplicates using
semantic embeddings. Data Filtering Networks [40] trains
a neural network to distinguish informative versus less-
informative data, while Ask-LLM [41] uses instruction-tuned
LLMs to assess the quality of training examples directly.
Meanwhile, Less-Is-More-RL [42] shows how pruning sub-
optimal data can improve downstream policy performance in
reinforcement learning settings.

c) Data Curation for Robotics.: Data quality has been
known to affect policy learning performance for robotics [1],
[43]. There have been studies in improving human demon-
stration quality, albeit in small-scale tasks, by automatic
ranking [2], or eliciting compatible behavior from humans
during the data collection process [44]. As progress in
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general-purpose, large-scale robot learning continues, there
has been growing interest in curating large-scale datasets
for robot learning [13], [24], [5], [6], [14]. Octo [13] and
OpenVLA [24] perform ad-hoc dataset-level curation by
heuristically tuning a set of weights for data mixtures,
balancing the dataset composition; Remix [5] automates
this dataset-level curation with distributionally robust opti-
mization. DemInf [6] performs trajectory-level curation with
mutual information as a trajectory quality estimator, and
Demo-SCORE [14] also performs trajectory-level curation,
but has to rely on online rollout performance. DataMIL [45]
select task relevant trajectories from Open-X [15] datasets to
boost performance on task-specific policies.

III. SELF-SUPERVISED DATA CURATION FOR
LARGE-SCALE IMITATION LEARNING

We introduce our data curation framework, SCIZOR, which
performs fine-grained filtering of low-quality data in a self-
supervised manner to improve imitation learning policy
performance. We begin by introducing key formulations
and background, followed by two core components of our
method: (1) a self-supervised suboptimal transitions removal
module; (2) a similarity-based state-action deduplication
module that filters redundant transitions.

A. Preliminaries and Formulations

We formulate a robot manipulation task as a Markov
Decision Process M = (S,A,R,P, p0, γ) representing the
state space, action space, reward function, transition proba-
bility, initial state distribution, and discount factor. Given the
current state st ∈ S, the robot action at ∈ A is drawn from
the policy π (· | st). The objective of imitation learning is
to learn a policy πR parameterized by θ that maximizes the
log-likelihood of actions a conditioned on the states s:

θ∗ = argmax
θ

E
(s,a)∼Dexpert

[log πθ(a | s)] (1)

where (s, a) are samples from the human demonstration
dataset Dexpert. Our data curation objective is to refine
Dexpert by filtering out suboptimal or redundant samples to
improve policy performance.

B. Suboptimal Transition Removal via Progress Estimation

Human demonstrations often contain both proficient and
suboptimal segments in the same trajectory with no explicit
signals. Manually labeling suboptimal segments is labor-
intensive and not scalable. We propose a self-supervised
approach to detect suboptimal behaviors based on the in-
tuition that progress toward task completion should increase
steadily over time. As we don’t have ground-truth progress
labels, we use the ground truth time elapsed between two
observations as a stand-in for the task progress. We train
a lightweight model to predict this progress from pairs of
states. At test time, if the predicted progress for a segment
is unexpectedly lower than expected progress, it can serve
as a signal of suboptimality. This allows us to automatically

identify and filter out segments that deviate from making
progress, without requiring any manual annotations.

Defining Suboptimality with Task Progress. Inspired by
temporal distance classification in self-supervised representa-
tion learning [16], we evaluate action quality by estimating
the task progress between two timesteps. If the predicted
progress is significantly lower than the elapsed time, this
means the robot is behind schedule (i.e., progressing less
than expected), meaning that the sub-trajectory is suboptimal.
Specifically, we define a progress function f : Si:i+T →
Tp, which inputs a sub-trajectory Si:i+T from timestep i
to i + T , and predicts the progress Tp made over the
sub-trajectory Si:i+T towards completion. Tp measures the
temporal distance that the robot has moved the task forward
over the sub-trajectory Si:i+T , measured in seconds. We then
compare this predicted progress Tp to the actual elapsed time
T . The suboptimality score for the sub-trajectory Si:i+T is
defined as Vi:i+T = T − Tp.

Assigning Suboptimal Scores to Individual Samples.
Our goal is to assign a suboptimality score to each individual
transition, enabling fine-grained data filtering. While our
scores are initially predicted at the sub-trajectory level, we
want each transition’s score to include 3 factors: (1) Progress
predicted from each sub-trajectory that current transition
belongs to, (2) Future suboptimality with reducing impact
over time, so that the current transition score accounts for
suboptimal scenarios it leads to, (3) The overall quality of the
entire trajectory that the transition belongs to. This enables
a transition’s score to reflect both its local impact and the
global quality of the whole trajectory.

Formally, from the previous section we have sub-trajectory
scores V0:T , V1:1+T , . . . , VN :N+T . Assuming equal contribu-
tion from each transition in a sub-trajectory, a score Vi:i+T

is evenly distributed across its T constituent transitions,
contributing 1

T Vi:i+T to each. The aggregated sample-level
score is computed as V̂i =

∑i
t=i−T

1
T Vt:t+T . To allow

the current suboptimality score to also account for future
suboptimality with diminishing impact over time, we apply
temporal discounting: Vi =

∑T
t=i γ

t−iV̂t, γ ∈ [0, 1],
where γ controls the rate at which future influences diminish.
Finally, to incorporate trajectory-level quality, we combine
each transition’s score Vi with the mean score across all N
transitions in its trajectory, yielding the final curation score:

V final
i = α · Vi + (1− α) · 1

N

N∑
j=1

Vj ,

where α ∈ [0, 1] balances local and trajectory-wide quality.
Removing Suboptimal Samples. During policy training,

we compute the suboptimality score for every sample as
described above. During data curation, we exclude transitions
with suboptimality scores above a certain threshold ϵs from
the training process.

C. Similarity-Based State-Action Deduplication

Large-scale imitation learning datasets often include many
visually and behaviorally similar sequences, for example,
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Fig. 2. SCIZOR’s architecture. We apply two curation modules: (1) Suboptimal transition removal, where we estimate chunk progress from its first and
last frames and discard those below a threshold; (2) State-action deduplication, where we encode all frames, cluster their features via K-means, and remove
frames whose intra-cluster cosine similarity exceeds a threshold.

repeated demonstrations of the same skill in nearly identical
contexts. Training directly on all such data can hinder policy
generalization by overemphasizing common patterns while
underrepresenting rare but informative cases. To mitigate
this, we introduce a similarity-based deduplication method
that filters out redundant data.

A key insight is that some segments may appear visually
similar, yet differ in task intent or executed actions. To
avoid discarding meaningful variations, effective deduplica-
tion must consider both visual states and actions. To this
end, we propose a similarity-based deduplication method that
utilizes joint representations of visual states and actions to
identify and filter redundant state-action pairs.

Defining State-Action Duplicates. Prior work on seman-
tic deduplication [7] has focused on curating large image
datasets by removing semantically similar data pairs based
solely on visual features. However, such visual-only dedupli-
cation methods are not well-suited for sequential decision-
making tasks like imitation learning in robotics, where action
dynamics play a crucial role. In this work, we extend the idea
of semantic deduplication to the imitation learning domain
by incorporating both visual states and action information.
Specifically, we define state-action duplicates as state-action
chunks (Si:i+T , ai:i+T ) that are visually similar and lead
to comparable actions, reflecting redundant patterns that
contribute little to learning diversity.

Generating State-Action Features. We first divide the
dataset into non-overlapping sub-trajectories, each consisting
of a state-action sequence (Si:i+T , ai:i+T ), where each chunk
spans a fixed duration T . Given the variations in recording
frequency across datasets, we uniformly subsample N RGB
images from each chunk for consistency. As raw visual data
is high-dimensional and not directly suitable for similarity
computation, we employ the Cosmos video encoder [46], a

pre-trained model that encodes both temporal and semantic
information from videos, to extract a compact 1D video fea-
ture vector zv . We then concatenate the actions represented
as delta end-effector pose to the visual embedding to form
a joint state-action feature zv+a.

Removing Duplicated Samples. We begin by performing
K-means clustering to group semantically similar state-action
chunks. Within each cluster, we compute pairwise cosine
distances among all chunks. For each chunk, its similarity
score is defined as the minimum distance it has with any
other chunk in the same cluster. We identify as duplicates
those chunks whose maximum similarity exceeds a defined
threshold, ϵd, as they are highly similar to at least one other
sample in their cluster. These chunks will be filtered out
during policy training with a duplication mask.

IV. EXPERIMENTS

In our experiments, we aim to address the following ques-
tions: 1) How much does SCIZOR improve imitation learning
policy performance? 2) What advantage does SCIZOR’s fine-
grained state-action curation offer over trajectory- or dataset-
level curation in prior work? 3) What design components
contribute most to SCIZOR? 4) What types of low-quality
samples can SCIZOR identify and remove? 5) What are the
false positives and false negatives? 6) How well can SCIZOR
presereve high quality data?

A. Experimental Setup

Datasets and Training Details. We evaluate our method
on three robotic benchmarks for imitation learning, chosen
to represent a range of real-world scenarios: a large-scale
crowdsourced dataset, a dataset featuring varying levels
of human expertise, and a human-in-the-loop dataset with
mixed data distributions. This selection enables us to evaluate
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SCIZOR’s effectiveness across various scenarios and diverse
data regimes.
• Open-X-Embodiment (OXE) [15]: A large-scale collec-

tion of over one million real-world robotic trajectories.
We use the Simpler environment [47] and benchmark on
two tasks: Pick Can and Move Near. We train the Octo
model [13] with two random seeds and use the same
“Magic Soup” weighting. This setting evaluates SCIZOR’s
scalability to large and diverse datasets.

• RoboMimic [1]: A dataset and benchmark containing
human-collected trajectories of varying proficiency. We use
the simulated Multi-Human dataset for the Can and Square
tasks to be consistent with the baseline comparison. We
train the BC policy provided in the benchmark with three
random seeds. This setting evaluates SCIZOR’s ability to
curate demonstrations of mixed quality.

• Sirius-Fleet [48]: A real-world multi-task dataset com-
prising 1,500 policy rollouts with human interventions.
Our real-world evaluation spans four task sets comprising
eight tasks. We train the BC-Transformer policy used in the
paper with three random seeds. This setting evaluates SCI-
ZOR’s ability to curate mixed data from both autonomous
policies and human corrections.
Baselines. We benchmark SCIZOR against 3 baselines,

each highlighting a different aspect of data curation. We
compare with Uniform to show the effectiveness of SCIZOR,
with DemoInf and Re-Mix to show that fine-grained curation
offers advantages over coarser filtering strategies.
• Uniform: A baseline that uniformly deletes the same per-

centage of data as other methods to control for dataset size.
This comparison ensures that the improvement observed
with SCIZOR is attributed to which specific samples are
removed, not simply to the reduced dataset size itself.

• DemoInf [6]: A trajectory-level method that estimates
mutual information between states and actions for each
trajectory as a quality score and removes low-quality
trajectories.

• Re-Mix [5]: A dataset-level method that learns data mix-
ture weights for the “RT-X” variant of the OXE datasets.
To ensure consistency, we train the Octo-small model on
OXERT-X for SCIZOR, while directly adopting their learned
weights for Re-Mix.

B. Experimental Results

RQ1: How much does SCIZOR improve imitation
learning policy performance? Figure 3 summarizes SCI-
ZOR’s impact on policy success rates across all three bench-

marks. Compared to training on the full dataset, SCIZOR
delivers absolute gains of 5.4% on RoboMimic, 8.1% on
OXEMagic, and 32.9% on the Sirius-Fleet real-robot tasks.
It also surpasses uniform curation by 16.1% on average,
indicating that SCIZOR has a targeted selection of samples to
be deleted. These improvements demonstrate that SCIZOR’s
data curation consistently filters out low-quality samples and
improves policy learning in both simulated and real-world
robotic environments.

RQ2: What advantage does SCIZOR’s fine-grained
state-action curation offer over trajectory- or dataset-
level curation in prior work? To validate the effectiveness
of fine-grained curation on state-action pairs, we compare
SCIZOR with two baseline methods: a trajectory-level cura-
tion method, Deminf [6], and a dataset-level curation method,
Re-Mix [10]. Deminf estimates the average contribution of
a trajectory towards the mutual information between states
and actions in the entire dataset. Re-Mix treats each subset
of data as a different “domain” and uses a distributionally
robust optimization technique to assign weights to sub-
datasets. To ensure a fair comparison, we apply SCIZOR to
the same RT-X mixture setting used by Re-Mix. As shown in
Figure 3 SCIZOR outperforms Re-Mix by 3.5% on average.
In the RoboMimic dataset, SCIZOR has not outperformed
DemInf, as the dataset is explicitly divided into three levels
of trajectory quality, making trajectory-level filtering particu-
larly effective. In contrast, SCIZOR significantly outperforms
DemInf by 19.2% on the Sirius-Fleet dataset, where the
mixed sources of policy and human actions result in uneven
data quality distribution. This suggests that fine-grained state-
action curation may be beneficial in datasets with complex
and uneven quality distributions.

TABLE I
ABLATION STUDIES ON EACH COMPONENT OF SCIZOR

RoboMimic Sirius-Fleet OXEMagic

Suboptimal-Removal Only 60.9 ± 1.8 64.2 ± 2.6 25.3 ± 2.9
Deduplication Only 48.3 ± 0.8 63.3 ± 6.9 22.1 ± 0.9
SCIZOR (Ours) 62.3 ± 1.6 79.6 ± 1.4 28.1 ± 3.3

RQ3: What design components contribute most to
SCIZOR? We first ablate suboptimal data removal and dedu-
plication in Table I. We run experiments only removing
suboptimal data or duplicated data, and remove the same
amount of data in each dataset as SCIZOR. We find both
suboptimal removal and deduplication individually lead to
improvements over the baseline, but neither alone is suffi-
cient to match the full performance of SCIZOR. Suboptimal
removal is generally more effective than deduplication, but
combining both components leads to the largest gains across
all datasets.

We further investigate SCIZOR’s scoring strategy for sub-
optimal data classifier in Table 2 by ablating two key
components: (i) the transition–trajectory score mixture and
(ii) temporal discounting discussed in Section III-B. We
train Octo on the OXE “RT-1” variant [22] with three seeds
for faster iteration. Omitting either component consistently
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TABLE II
VARIATIONS OF SCIZOR’S SUBOPTIMAL CURATION STRATEGIES

RoboMimic OXERT-1

Can Square Pick Move

SCIZOR w/o mixture 81.3 ± 0.6 36.0 ± 1.4 21.8 ± 7.9 12.4 ± 4.6
SCIZOR w/o discount 79.6 ± 1.4 31.5 ± 5.5 20.7 ± 6.4 9.4 ± 1.4
SCIZOR (Ours) 87.3 ± 0.7 37.2 ± 2.5 30.9 ± 8.4 17.5 ± 1.0

44.0%

4.0%18.0%

10.0%

19.0%
5.0%

Sirius-Fleet

15.1%
5.2%

39.1%
13.8%

16.8%
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RoboMimic

Suboptimal Types
Manipulation Failure
Move Back and Forth
Lagging

Stuck at Collision
Stalled
False Positive

Fig. 4. Breakdown of suboptimal types classified by SCIZOR. The three
dominant failure modes predicted by SCIZOR’s suboptimal classifier are
Laggy Motion, Manipulation Failure, and Pause, showing SCIZOR removes
semantically meaningful transitions.

degrades performance across all four tasks, highlighting their
importance. Temporal discounting lets SCIZOR propagate
evidence of suboptimality backward in time, so that transi-
tions leading to poorer future states can also be identified in
addition to directly poor actions. The mixture of transition-
level and trajectory-level scores balances these fine-grained
penalties with an overall assessment of each demonstration’s
quality, making it easier to filter out inherently low-quality
data (for example, trajectories recorded by non-expert oper-
ators). Together, these mechanisms yield the strongest gains
in suboptimal data removal.

RQ4: What types of low-quality samples can SCIZOR
identify and curate? To qualitatively visualize the subop-
timal data identified, we examine the predicted low-quality
data and investigate the types of low-quality data they repre-
sent. From each of the RoboMimic and Sirius-Fleet datasets,
we randomly select 100 demonstrations flagged with at least
one suboptimal segment. We then manually visualize and
classify every suboptimal segment across these trials to
generate the pie chart. Figure 4 illustrates the distribution of
suboptimal transitions identified by SCIZOR. Manipulation
Failure refers to errors during grasping—for example, failed
grasps, accidental drop of objects. Pause denotes transitions
with no movement. Stuck at Collision describes cases where
the gripper or held object collides, leading to a halt. Lagging
captures motion that proceeds noticeably below the normal
speed for the same context. This doesn’t contain motions that
are intentionally slow, careful, and deliberate. Move Back
and Forth indicates aimless motions that don’t contribute
to task progress. False Positive labels misclassified or am-
biguous transitions. The most significant fractions are Laggy,
Manipulation Failure, and Stalled, indicating that the task-
progress classifier identifies semantically meaningful errors

rather than spurious noise.
RQ5: What are the false negatives and false posi-

tives? We analyze the suboptimal cases that were incorrectly
classified by SCIZOR, labeled as false positive in Figure 4.
Among the 5% of false positive segments predicted in Sirius-
Fleet, 3% occur near the end of the demonstrations. These
segments often include repeated padded frames, since the
task has already been completed. The remaining 2% are short
segments right before a suboptimal pause, which would also
be predicted as suboptimal segments. To conduct a controlled
error analysis, we created a human-annotated dataset of robot
failures from the Sirius-Fleet dataset. 13/25 of failures are
successfully predicted. The false negatives can be categorized
into two types: (1) The robot failed to grasp at first, but
it recovered quickly and didn’t cause a big progress lag.
This is because our curation threshold focuses on deleting
the most detrimental suboptimality. (2) The self-supervised
model failed to detect because most of the data contains this
failure.

RQ6: How well can SCIZOR preserve high quality
data? We investigate whether SCIZOR removes high-quality
data during the curation process through the following analy-
ses. 1) Keeping Expert Demonstrations. We randomly picked
50 perfect expert demonstrations from 5 tasks from Sirius-
Fleet, each containing 10 demonstrations. Surprisingly,none
of these demonstrations have SCIZOR-predicted suboptimal
segments, indicating that SCIZOR is actually considering
them as high-quality samples and won’t be curated. 2)
Keeping Recovery Behaviors. We also checked the grasping
failures mentioned in the previous paragraph. Specifically,
54% of recovery behaviors are fully maintained, and 31%
are partially maintained. Only 15% are deleted, and the
remaining episodes directly start with the next rasping be-
havior. Most of the recovering behaviors are kept because
they contribute to task progress.

V. CONCLUSION

We introduce SCIZOR, a self-supervised data curation
method that filters suboptimal and redundant state-action
pairs to improve imitation learning performance. It combines
a task progress predictor to remove suboptimal frames with a
similarity-based deduplication module to eliminate overrep-
resented patterns. By curating the dataset, SCIZOR consis-
tently enhances policy performance across diverse imitation
learning benchmarks and outperforms other data curation
approaches on large datasets. Future work could explore
more adaptive thresholding strategies to achieve optimal
deletion ratios and improve the representation of state-action
pairs for better curation performance.

VI. METHOD DETAILS

A. Determining the Single Threshold Across Datasets

When curating data, we remove all samples with a score
above either ϵs or ϵd. To generalize SCIZOR to different
datasets, we suggest to find a single threshold. We con-
duct a hyperparameter search on two simulation datasets,
RoboMimic and OXEMagic and find that ϵs = 0.58 and
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ϵd = 0.99 yield the best performance on both datasets. This
single threshold was then directly applied to the real-world
setting (Sirius-Fleet).
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the Robomimic and OXEMagic dataset.

To find a unified threshold for both suboptimal-transition
removal and similarity-based state–action deduplication, we
run SCIZOR with only one sub-method at a time on the
RoboMimic and OXEMagic datasets with deletion ratios of
10%, 20%, and 30%.
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Fig. 6. Deletion ratio as a function of the chosen threshold for suboptimal-
transition removal and state–action deduplication on the Robomimic and
OXEMagic datasets.

Figure 5 shows that Suboptimal-Only achieves its highest
success rate at 30% deletion on RoboMimic and 10% dele-
tion on OXE. Deduplication-Only performs best with 0%
deletion on RoboMimic and 20% deletion on OXE.

Next, we plot the deletion ratio as a function of the thresh-
old in Figure 6. We observe that: A suboptimal threshold
of 0.58 yields deletion rates of 29.5% on RoboMimic and
11.9% on OXE, closely matching their respective optimal
ratios. A deduplication threshold of 0.99 results in only
0.3% deletion on RoboMimic—insufficient to harm perfor-
mance—and 4.5% deletion on OXE, which still provides a
notable improvement, very close to deleting 20%.

Finally, we apply the unified threshold to all the datasets,
and yield the deletion ratio list in Table III.

B. Task Progress Prediction Model Architecture.

Given a sub-trajectory Si,i+T , the model takes image
observation at timesteps i and i + T as inputs. These ob-
servations are independently encoded using a frozen DINO-
V2 model to obtain the visual features, which provide

TABLE III
DELETION RATIO OF ALL THE DATASETS USING SINGLE THRESHOLD

RoboMimic Sirius-Fleet OXEMagic OXERT-X OXERT-1

Suboptimal-Only 29.3% 4.7% 11.9% 15.0% 9.2%
Deduplication-Only 0.3% 3.2% 4.5% 0.8% 0.5%
SCIZOR (Total) 29.6% 7.9% 15.8% 15.8% 9.7%

robust and generalizable visual representations thanks to its
self-supervised pretraining on diverse natural images. We
compute the difference between the two feature vectors to
obtain a delta feature vector, which emphasizes task-relevant
changes and accelerates convergence while discarding re-
dundant static information and is concatenated with a CLS
token. The feature vector is then processed through a series
of multi-layer self-attention transformer blocks. The output
CLS token is then fed into a classification head to produce
the predicted progress bin.

C. Training the Task Progress Predictor

We divide each trajectory into five equal time bins. For
each training example, we randomly select one bin and
sample a time interval ∆t uniformly within its bounds. The
model takes as input the frame at time t and the frame at
t+∆t, and is trained to predict the index of the chosen time
bin.

D. Fixed Time Duration

All experiments use a constant interval of 2s for progress
prediction and state–action feature extraction. Since datasets
differ in control frequency, this 2s window corresponds to a
dataset-dependent number of transitions per second.

E. Task Progress Predicting Details

Rather than regressing a real-valued progress estimate,
we cast progress prediction as classification over discrete
temporal bins, which is empirically more robust[16]. We
discretize the temporal gap into B bins, where each bin
is a time interval in seconds. To predict task progress for
a sub-trajectory Si,i+T , we train a task progress classifier
to classify the bin corresponding to the time T between
the start and end states. Empirically, we set B = 5,
sample each sub-trajectory as 2 seconds, and bins to be
[0, 0.5), [0.5, 1.0), [1.0, 2.0), [2.0, 5.0), and [5.0,+∞). For
the weighted combination coefficient between local subop-
timality score and the mean score across all time steps, we
simply choose 0.5.

F. Removing Suboptimal Samples Details

Note that each sample preserves an observation history and
an action sequence for algorithms that are history-dependent
(e.g., BC-Transformer) and that utilize action chunking. We
do the chunking before any removal to avoid temporal
inconsistencies.

G. Deduplication Details

We use a chunk size of N=8 for deduplication, as it’s
commonly supported by most of the video encoder. Video
features are concatenated with actions before clustering.
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