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datasets used for policy training often introduce substantial variability in qual-
ity, which can negatively impact performance. As a result, automatically cu-
rating datasets by filtering low-quality samples to improve quality becomes es-
sential. Existing robotic curation approaches rely on costly manual annotations

Figure 1: We present CUPID, a robot data curation mCll!Od that leverages influence functions to predictively
policy

answer counterfactual questions about the effect of e:

Abstract: In robot imitation learning, policy performance s tightly coupled with

and perform curation at a coarse granularity, such as the dataset or trajectory the quality and ition of th dta. e, aprecie un-
level, failing to account for the quality of individual state-action pairs. To ad- of how individual i ©
dress this, we introduce SCIZOR, the first self-supervised transition-level cura- such as closed-loop task success or fail ins a persistent challenge. We

tion framework that requires no annotations and les to large-scale datasets
to improve the performance of imitation learning policics and modern Vi
Language-Action (VLA) models. SCIZOR targets two complementary sources of
low-quality data: suboptimal data, which hinders lcarning with undesirable ac-
tions, and redundant data, which dilutes training with repetitive patterns. Sci-
ZOR leverages a self-supervised task progress predictor for suboptimal data to
remove samples lacking task progression, and a deduplication module operating
on joint state-action representation for samples with redundant patterns. Empiri-
cally, we show that SCIZOR enables imitation learning policies and modern VLA
models to achicve higher performance with less data, vielding an average im-
provement of 15.4% across multiple benchmarks. More information is available
at: https://ut-austin-rpl.github.io/SCIZOR/
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Keywords: Imitation Learning, Data Curation, Robot Foundation Models

SCIZOR
(2026, ICRA)

propose CUPID, a robot data curation method based on a novel influence function-
theoretic formulation for imitation learning policies. Given a set of evaluation roll-
outs, CUPID estimates the influence of each training demonstration on the policy’s
expected return. This enables ranking and selection of demonstrations according.
(o their impact on the policy’s closed-loop performance. We use CUPID to curate
data by 1) filtering out training demonstrations that harm policy performance and 2)
subselecting newly collected trajectories that will mostimprove the policy. Extensive
simulated and hardware experiments show that our approach consistently identifies
which data drives test-time performance. For example, training with less than 33% of
curated data can yield state-of-the-art diffusion policies on the simulated RoboMimic
benchmark, with similar gains observed in hardware. Furthermore, hardware exper-
iments show that our method can identify robust strategies under distribution shift,
isolate spurious correlations, and even enhance the post-training of generalist robot
policies. Videos and code are made available at: https://cupid-curation. github.io.
Keywords: Imitation Learning, Data Curation, Influence Functions
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Abstract: Imitation learning advances robot capabilitics by enabling the acqui-
sition of diverse behaviors from human demonstrations. However, large-scale
datascts used for policy training often introduce substantial variability in qual-
ity, which can negatively impact performance. As a result, automatically cu-
rating datasets by filtering low-quality samples to improve quality becomes es-
sential. 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 ad-
dress this, we introduce SCIZOR, the first self-supervised transition-level cura-
tion 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 ac-
tions, and redundant data, which dilutes training with repetitive patterns. Sci-
ZOR leverages a self-supervised task progress predictor for suboptimal data to
remove samples lacking task progression, and a deduplication module operating
on joint state-action representation for samples with redundant patterns. Empiri-
cally, we show that SCIZOR enables imitation learning policies and modern VLA
models to achieve higher performance with less data, yielding an average im-
provement of 15.4% across multiple benchmarks. More information is available
at: https://ut-austin-rpl.github.io/SCIZOR/
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- Experimental results
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held by the robot collided with
the column when trying to insert.
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Figure 1: We present CUPID, a robot data curation method that leverages influence functions to predictively
answer counterfactual questions about the effect of each policy perfc

Abstract: In robot imitation learning, policy performance is tightly coupled with
the quality and composition of the demonstration data. Yet, developing a precise un-
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propose CUPID, arobot data curation method based on a novel influence function-

theoretic formulation for imitation learning policies. Given a set of evaluation roll-

outs, CUPID estimates the influence of each training demonstration on the policy’s

expected return. This enables ranking and selection of demonstrations according

1o their impact on the policy’s closed-loop performance. We use CUPID to curate

data by 1) filtering out training demonstrations that harm policy performance and 2)

subselecting newly collected trajectories that will mostimprove the policy. Extensive
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simulated and hardware experiments show that our approach consistently identifies
which data drives test-time performance. For example, training with less than 33% of
curated data can yield state-of-the-art diffusion polici the si R
‘benchmark, with similar gains observed in hardware. Furthermore, hardware exper-
iments show that our method can identify robust strategies under distribution shift,
isolate spurious correlations, and even enhance the post-training of generalist robot
policies. Videos and code are made available at: hitps://cupid-curation.github.io.
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