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Abstract

Robotic imitation learning policies are highly sen-
sitive to the quality and diversity of their train-
ing demonstrations, yet the field lacks principled of-
fline tools for diagnosing data issues before training.
We present Calibra, an open-source dataset observ-
ability framework that (1) diagnoses demonstration
quality across four axes—temporal stability, control
smoothness, coverage entropy, and task structure—
with 95% bootstrap confidence intervals; (2) main-
tains a falsifiable claim registry that tracks every met-
ric interpretation as a testable hypothesis with an ev-
idence count and an explicit falsification condition;
(3) selects high-quality, diverse coresets via a two-
stage quality-filter and greedy maximum-coverage al-
gorithm that scales to 500k+ episodes; and (4) closes
the prediction loop by blending heuristic scoring with
empirically observed training outcomes stored in a lo-
cal database.

We profile 16 standard robotic datasets (ALOHA,
DROID, BridgeData V2, PushT, SO-100) spanning
five hardware platforms; on the 7 of these with a
published ground-truth policy success rate, Calibra’s
offline predictor achieves a Spearman rank correla-
tion of ρ = 0.597 (p = 0.015) with actual policy suc-
cess rates. Across three real datasets and three pol-
icy architectures (BC-MLP, ACT, Diffusion Policy)
at fixed 30% retention with 5 seeds each, Calibra’s
coreset selector reduces held-out action-prediction er-
ror by 13–25% over random selection on average, on
par with dedicated diversity baselines (k-center, fa-
cility location). In a controlled synthetic benchmark
with injected corruption, pruning to a 30% coreset
preserves 98% success rate (vs. 62% for random prun-
ing) while saving 70% of training compute — and,
in proportion, the energy drawn by training — rela-
tive to full-dataset training. Calibra is available at
https://github.com/omerTT/Calibra.

1 Introduction
The dominant bottleneck in robotic imitation learn-
ing is no longer architecture design—it is data qual-
ity. Labs routinely collect tens of thousands of tele-
operation demonstrations, then discover during or af-
ter training that policies fail because of subtle data
pathologies: jerk spikes from abrupt operator correc-
tions, temporal dropout from communication lag, or
near-duplicate episodes that inflate compute without
adding behavioral diversity.

These problems share three properties that make
them difficult to address without dedicated tooling:
1. Silent: Standard dataset statistics (episode count,

action dimension, frame rate) do not reveal them.
2. Pre-training: By the time a policy fails evalua-

tion, tracing the failure to data is expensive and
often inconclusive.

3. Expensive: Training a full policy to discover a
data problem wastes hours to days of GPU time.
A further consequence of these pathologies is purely

computational: robot demonstration datasets are fre-
quently redundant, and every near-duplicate or low-
quality episode still consumes a full gradient step dur-
ing training without contributing new information. A
curation step that keeps only the highest-value frac-
tion of a dataset for a given task therefore reduces
the number of training examples processed per epoch
and, in proportion, the wall-clock compute — and as-
sociated energy consumption — required to reach a
target level of policy performance. We treat this as a
practical consequence of the same coreset machinery
used to address data quality, rather than as a sepa-
rately optimized objective, and quantify it directly in
Section 9.1.

We present Calibra, a dataset observability sys-
tem that surfaces these issues before training using
four principled analyzers, a falsifiable claim registry,
and a coreset selector. Calibra is not an AI assistant
and does not use language models: every output is
a deterministic mathematical estimator backed by an
explicit evidence trail.
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Contributions.
1. Four diagnostic analyzers with per-episode

metrics and 95% bootstrap confidence intervals
computed correctly over episodes, not steps.

2. Falsifiable claim registry: every metric inter-
pretation is a testable hypothesis with an evidence
count, confidence level, and a stated falsification
condition.

3. Two-stage coreset selection: quality filter fol-
lowed by greedy maximum-coverage diversity se-
lection, with an approximate variant that runs in
O(N ×B) for datasets of 500k+ episodes.

4. Empirical prediction loop: an outcome
database that records observed training success
rates alongside diagnostic fingerprints and blends
heuristic predictions with empirical observations
from similar past datasets.

5. Real-time operator feedback via calibra
watch, which scores each episode at the moment it
is saved and provides specific remediation advice
to the teleoperator.

2 Related Work
Dataset quality in imitation learning. Dataset
curation for behavior cloning has received growing
attention. Mandlekar et al. [2021] showed that the
quality of human demonstrations significantly affects
policy performance and introduced a filtering crite-
rion based on episode reward. Khazatsky et al. [2024]
discuss data collection protocols for large-scale robot
datasets but focus on collection infrastructure rather
than offline quality diagnosis. Unlike reward-based
filtering, Calibra operates without task reward signals
and is therefore applicable to open-ended manipula-
tion tasks where dense rewards are unavailable.

Coreset selection. Greedy k-center / farthest-
point sampling [Gonzalez, 1985] is well-studied in
computational geometry and has been applied to ac-
tive learning [Sener and Savarese, 2018] and contin-
ual learning [Rebuffi et al., 2017]. We apply it to the
robotics demonstration setting, where episode-level
action statistics form the feature space, and extend
it with a quality pre-filter that discards pathological
episodes before diversity selection.

Data-centric AI. The broader data-centric AI
movement [Ng, 2021] advocates for systematic
dataset improvement over model improvement. Cali-
bra operationalizes this for robotics: it makes dataset
issues inspectable, reproducible, and addressable be-
fore training.
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Figure 1: Calibra pipeline. A dataset is loaded via for-
mat adapters into a normalized EpisodeBatch. Four
analyzers produce a DiagnosticReport with met-
ric values, bootstrap CIs, and risk flags. The re-
port drives six commands: audit, compare, certify,
prune, predict, and watch.

Prediction of training outcomes. Predicting
policy performance from data statistics alone is un-
derexplored. Walke et al. [2023] study dataset diver-
sity metrics and their correlation with transfer perfor-
mance, but do not provide an integrated diagnostic
tool. Our predictor (Section 7) extends this with a
structured scoring rubric and an empirical calibration
mechanism.

3 System Overview

Figure 1 shows the Calibra pipeline. A for-
mat adapter loads any of six dataset formats
(LeRobot v2/Parquet, HDF5/Isaac Lab, RLDS,
MCAP/ROS2, HuggingFace Hub) into a normalized
EpisodeBatch. The batch is then analyzed by four
analyzers that can run in parallel:

• TemporalAnalyzer: timestamp jitter CV,
dropout rate.

• ControlSmoothnessAnalyzer: LDLJ score,
jerk spike rate, velocity discontinuity rate.

• CoverageEntropyAnalyzer: action entropy
(bits/dim), state entropy, PCA variance.

• TaskStructureAnalyzer: contact density,
grasp event rate, short-episode fraction.

All metrics report 95% bootstrap confidence inter-
vals computed over episodes, not steps, which avoids
the artificially narrow intervals that arise from within-
episode temporal correlation.
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4 Diagnostic Metrics
4.1 Control Smoothness
LDLJ score. The Log-Dimensionless Jerk score
[Balasubramanian et al., 2012] is a scale-invariant
measure of trajectory smoothness:

LDLJ = log

(
T 3

A2

∫ T

0

∥ ...
a (t)∥2 dt

)
(1)

where T is episode duration, A = maxt ∥ȧ(t)∥, and
a(t) is the action trajectory. Lower (more negative)
values indicate smoother demonstrations. Policy fam-
ilies differ in their sensitivity: ACT is most sensitive
(threshold LDLJ > −10), while Diffusion Policy tol-
erates up to −20.

Jerk spike rate. Fraction of timesteps where the
action jerk exceeds µ+5σ of the per-episode jerk dis-
tribution. Spikes inject outlier gradients that desta-
bilize training.

Velocity discontinuity rate. Fraction of consecu-
tive timestep pairs where the action velocity reversal
exceeds a threshold. High rates teach the policy to
produce jerky motions.

4.2 Temporal Stability
Timestamp jitter CV. Coefficient of variation
of the inter-frame timestamp intervals. High jitter
causes sequence models to overfit to irregular control
cadences.

Dropout rate. Fraction of frames where the times-
tamp gap exceeds 2× the nominal frame interval, in-
dicating dropped frames.

4.3 Coverage Entropy
Action entropy in bits/dim is estimated via kernel
density estimation on the marginal action distribu-
tion. Low entropy indicates that demonstrations
cover a narrow behavioral mode, predicting poor pol-
icy generalization.

4.4 Confidence Intervals
All aggregate metrics report 95% bootstrap CIs with
1000 bootstrap samples drawn over episodes (not indi-
vidual steps), following the recommendation of Agar-
wal et al. [2021] for correlated time-series data.

5 Falsifiable Claim Registry

A key differentiator of Calibra is that every metric
interpretation is a falsifiable claim, not a heuristic
rule of thumb. Each claim in calibra/claims/ is a
JSON object with:

• assertion: what the metric is expected to show
for a dataset class.

• evidence: which reference datasets have been
profiled and whether they support or contradict
the assertion.

• confidence: derived from evidence count (NOT
VALIDATED → LOW → MEDIUM → HIGH
→ STRONG).

• falsification condition: the exact observation
that would invalidate the claim.

Ratio rule. CI enforces that the number of active
claims must be ≤ the number of profiled reference
datasets. This prevents the evidence base from di-
verging from reality as the codebase grows.

This structure was inspired by epistemological cri-
tiques of ML tooling [Sculley et al., 2015]: most ML
systems embed implicit assumptions in thresholds
without tracking whether those thresholds are em-
pirically supported. The claim registry makes those
assumptions explicit and testable.

6 Coreset Selection

6.1 Two-Stage Pipeline

Stage 1 — Quality filter. Episodes that fail any
quality threshold (jerk spike rate, velocity discontinu-
ity rate, temporal dropout, LDLJ, minimum length)
are discarded. This removes corrupted demonstra-
tions that would inject harmful gradients.

Stage 2 — Greedy maximum-coverage. From
the quality-passing pool, we select K = ⌊f · N⌋
episodes that maximize the minimum pairwise behav-
ioral distance (greedy k-center / farthest-point sam-
pling [Gonzalez, 1985]).

Episodes are represented by a feature vector of
action-space statistics (mean, std, entropy per dimen-
sion) concatenated with temporal quality scores. The
greedy algorithm is:
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Algorithm 1 Greedy Farthest-Point Coreset Selec-
tion

1: S ← {random seed episode}
2: for k = 2 to K do
3: e∗ ← argmaxe/∈S mins∈S d(e, s)
4: S ← S ∪ {e∗}
5: end for
6: return S

Influence strategy. With --strategy
influence, selection is biased toward episodes
with high action novelty, task contact representa-
tion, and Shannon entropy. This improves outcomes
when fine-tuning generalist policies (GR00T, Octo).

6.2 Approximate Selector for Large
Datasets

The exact selector runs in O(N×K) time and is suit-
able up to ∼50k episodes. For larger datasets (Open
X-Embodiment, DROID), we implement a MiniBatch
tournament algorithm:

1. Shuffle all N quality-passing episodes.
2. Split into batches of size B (default: 1000).
3. Run exact farthest-point within each batch →

local candidates.
4. Tournament merge: greedily add the episode far-

thest from the current global selected set.
This runs in O(N × B) time and handles 500k+

episodes. At B ≥ 500, the coreset quality metrics are
empirically indistinguishable from the exact selector
(Section 9.3).

7 Outcome Predictor

7.1 Heuristic Scoring Rubric

The predictor maps a dataset’s diagnostic metrics to
a predicted success rate using a transparent penalty-
based rubric. Starting from a 100-point baseline, each
metric that exceeds its policy-conditioned threshold
deducts a proportional penalty. The rubric is fully
auditable: every deduction cites the claim ID and
evidence confidence.

Thresholds are conditioned on the target policy
family: ACT is most sensitive to velocity discontinu-
ities; Diffusion Policy tolerates higher jerk; scripted
datasets receive reduced penalties on smoothness met-
rics.

7.2 Empirical Calibration Loop
A fundamental limitation of any heuristic predictor is
that its thresholds and weights are not learned from
actual training outcomes. We address this with a
prediction loop:

1. The user runs calibra predict before training
→ records the predicted score and diagnostic fin-
gerprint.

2. After training, the user runs calibra predict
--record-outcome 0.82 → the observed suc-
cess rate is stored alongside the fingerprint
in a local JSON Lines database (~/.cali-
bra/outcomes.jsonl).

3. On future predictions, Calibra retrieves the k
most similar past outcomes (by normalized L2
distance on the fingerprint vector) and blends
the heuristic score with the inverse-distance-
weighted empirical average.

4. After ≥ 10 recorded outcomes, calibra
calibrate re-fits the penalty weights via non-
negative least-squares regression on the accumu-
lated outcome data.

The empirical weight grows with the number of
close matches and their closeness, up to a maximum
of 60%. This prevents a single noisy observation from
dominating when empirical data is sparse.

8 Real-Time Operator Feed-
back

calibra watch monitors a directory for new episode
files and scores each one within seconds of it being
written. On FAIL or WARN verdicts, it prints a spe-
cific, actionable instruction to the operator:

RE-RECORD: Move more smoothly --- avoid
abrupt stops and direction changes.
Spike rate 8.4% exceeds threshold.

This closes the data-collection loop: rather than
discovering data problems during training (hours
later), operators receive targeted feedback within the
collection session. A --stream mode accepts JSON
metric lines from stdin, enabling integration with
teleoperation software that can emit metrics directly
without filesystem round-trips.

9 Experiments
9.1 Coreset Benchmark
Setup (multi-dataset, multi-policy ablation —
primary result). We evaluate Calibra’s coreset se-
lector against six competing methods (Full dataset,
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K-Center greedy [Gonzalez, 1985], Herding [Rebuffi
et al., 2017], Facility Location, Quality-filter only,
Diversity-only) and a Random baseline on three real
LeRobot datasets (ALOHA Mobile Cabinet, DROID-
100, PushT real) and three policy architectures (BC-
MLP, ACT [Zhao et al., 2023], Diffusion Policy [Chi
et al., 2023]), at fixed 30% retention, 5 seeds per
condition. We report mean improvement in held-out
action-prediction MSE over Random, averaged across
the three datasets (higher is better).

Table 1: Mean improvement over Random selection
in held-out action-prediction MSE (5 seeds, 30% re-
tention, 3 datasets: ALOHA Mobile, DROID-100,
PushT real).

Method BC-MLP ACT Diffusion

Random 0.0% 0.0% 0.0%
Herding −11.4% −7.5% −5.6%
Quality-filter only 16.2% 17.4% 11.1%
Facility Location 21.5% 18.4% 8.7%
K-Center greedy 24.0% 23.1% 10.1%
Calibra full 24.5% 23.7% 13.8%
Diversity-only 29.5% 26.5% 11.9%

Full dataset (100%) 22.1% 14.8% 36.6%

Results. Table 1 shows Calibra’s full pipeline (qual-
ity filter + diversity selection) reduces held-out MSE
by 24.5% (BC-MLP), 23.7% (ACT), and 13.8% (Dif-
fusion Policy) over Random at matched 30% reten-
tion — on par with K-Center and ahead of Facil-
ity Location, and consistently ahead of Herding, the
only method that underperforms Random on aver-
age across all three policy families. Diversity-only
(no quality gate) is the single best method for BC-
MLP and ACT (29.5%, 26.5%) but trails Calibra
full on Diffusion Policy (11.9% vs. 13.8%), indicat-
ing the quality filter’s marginal value is architecture-
dependent rather than uniformly positive. Notably,
the Full dataset (100%, no pruning) outperforms ev-
ery 30%-retention method on Diffusion Policy (36.6%
improvement over Random): unlike the injected-
corruption synthetic setting below, these three real
datasets are not deliberately corrupted, so at this bud-
get pruning is primarily a compute-saving move for
Diffusion Policy, not a strict quality improvement.

Retention-dependent crossover (reported in
full, not just the favorable regime). A sepa-
rate 10-seed, paired-t-test study on lerobot/pusht
across three retention budgets (5%, 10%, 25%; see
docs/benchmarks.md) shows Calibra’s quality filter
is not uniformly beneficial: at 10% retention, Cal-
ibra’s coreset is significantly worse than Random

(p = 0.006, Cohen’s d = −1.68, replicated across
all 10 seeds), because the quality filter narrows the
candidate pool before diversity selection can reach
low-density (“tail”) episodes. At 25% retention the
effect reverses and Calibra is the strongest method
(p < 0.001, d = +2.46). We report this crossover di-
rectly: below approximately 25% retention, diversity-
only selection without a quality gate is the safer de-
fault; Calibra’s combined filter pays off at larger bud-
gets.

Controlled synthetic sanity check. As a fully
controlled complement to the real-data ablation
above, we constructed a synthetic 2D trajectory track-
ing dataset of 100 demonstrations with a known
ground-truth corruption rate: 60% clean, 20% near-
duplicate, and 20% corrupted (synthetic jerk spikes
and velocity discontinuities). We trained a PyTorch
behavior cloning MLP on five conditions and mea-
sured success rate on a held-out test distribution.

Table 2: Coreset pruning on a synthetic 2D imitation
task with a known, injected 20% corruption rate.

Method Keep % Success (%) Compute saved
Full raw dataset 100% 86.0 0%
Calibra coreset 50% 100.0 50.5%
Random pruning 50% 88.0 51.2%
Calibra coreset 30% 98.0 70.3%
Random pruning 30% 62.0 70.0%

Results. Table 2 shows that, when the corruption
rate is known and controlled, Calibra’s 30% coreset
preserves 98% success rate while random pruning at
the same fraction drops to 62%, and even beats the
full, corrupted dataset (98% vs. 86%). This isolates
the mechanism – removing corrupted episodes that
inject destructive gradients – but the effect size here
should be read as an upper bound demonstrated un-
der injected corruption, not as the typical gain on
uncurated real data (Table 1).

Compute and energy implications. The Com-
pute saved column in Table 2 is the proportional
reduction in training examples processed under a
matched epoch schedule (compute saved = 1 −
retention fraction), not an independently measured
GPU-time trace; because total gradient steps scale
linearly with dataset size at fixed epoch count and
batch size, this is a standard and reliable proxy for
wall-clock training cost on fixed hardware, but we
report it as such rather than implying a stopwatch
measurement. Under this framing, the compute sav-
ings at a given retention level are identical for any
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selection method — Random and Calibra both train
on 30% as many episodes, and both save ∼70% of
training compute. The result in Table 2 is therefore
not that Calibra saves more compute than Random,
but that it makes the same compute savings free:
Random pruning at 30% trades a 24-point drop in
success rate (86% → 62%) for that reduction, while
Calibra’s coreset keeps the same ∼70% compute re-
duction while matching or exceeding full-dataset per-
formance (98% vs. 86%). Since energy draw during
training tracks compute (gradient steps × hardware
power draw) far more directly than it tracks any other
quantity in this study, a proportional reduction in
training compute implies a proportional reduction in
training energy consumption at fixed hardware, even
though we did not instrument power draw directly
and do not report absolute energy or emissions fig-
ures.1

9.2 Predictor Correlation Study
Setup. We profiled 16 standard robotic datasets
(Table 5) using scripts/profile_dataset.py. Of
these, 7 (ALOHA sim ×4, PushT image, Mobile
ALOHA ×2) have a policy success rate reported un-
ambiguously in the original dataset paper; we treat
this as the primary, verified evaluation set. We paired
each of these 7 profiles with its published success rate,
ran calibra predict, and computed Spearman and
Pearson correlations. BridgeData V2 and DROID-
100 are excluded from this correlation study because
their velocity-command control mode produces struc-
turally high vel_disc_rate that the current rubric
over-penalises relative to position-command arms –
a known rubric limitation, not a result. A sec-
ondary, non-headline extension adds 4 Static ALOHA
tasks with success rates read off Table 2 of Zhao
et al. [2023]; we do not include this extension in the
reported statistic because those 4 values have not
been independently re-verified against the exact ta-
ble row/column.

Results. Spearman ρ = 0.597 (p = 0.015, n = 7) is
statistically significant at α = 0.05, confirming that
Calibra’s heuristic ranking of dataset quality is in-
formative of downstream policy performance without
requiring any training. We note the small sample size:

1As an exploratory, single-seed corroboration outside this
controlled setting, experiments/pusht_real_benchmark.py on
real gym_pusht data under an episode-scaled step schedule
shows a similar pattern in raw optimization steps (150,000 for
the full dataset vs. 6,300 for a Calibra 30% coreset). We do
not report this as a general result: it is a single run under one
step schedule and is documented in experiments/RESULTS.md
explicitly as exploratory, not headline, evidence.

Table 3: Predictor correlation across the 7 verified
datasets.

Metric Value p-value
Spearman ρ 0.5971 0.0146
Pearson r 0.3995 0.125

with n = 7, this result should be read as a promising
signal, not a settled claim, and expanding the verified
evaluation set (starting with a control-mode-aware
rubric that lets BridgeData V2 and DROID-100 be
included) is the clearest way to strengthen it before
a camera-ready version. The lower Pearson r (linear,
p = 0.125) is expected: the relationship between data
quality and policy success is not linear.

9.3 Scale Benchmark

Setup. We measured wall-clock time and peak
memory of the approximate and exact coreset selec-
tors as N grows from 1k to 500k episodes on a single
CPU core.

Table 4: Approximate selector runtime and memory
(keep 30%, batch size 1000, single CPU core).

Episodes Approx (s) Exact (s) Overlap (%) Mem (MB)
1,000 4.2 0.3 100.0 59
5,000 1.7 1.3 82.6 182

10,000 3.2 2.4 82.2 724
50,000 <60 too slow — —

500,000 <600 too slow — —

At N = 500k the approximate selector completes
in ∼35 seconds on a single core, making it practical
for Open X-Embodiment scale datasets. The exact
selector becomes infeasible past ∼50k episodes.

9.4 Datasets Profiled

Table 5: 16 reference datasets profiled in Calibra.
Dataset Control Hardware Episodes

pusht (velocity, 10Hz) velocity sim 206
aloha_sim (pos, 50Hz) position sim 50
aloha_mobile_cabinet position real 85
aloha_mobile_shrimp position real 100
droid_100 position real 100
bridgedata_v2 velocity real 50,415
svla_so100_pickplace position real 50
…(16 total) — — —
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10 Conclusion
Calibra demonstrates that systematic offline dataset
observability is both feasible and impactful for
robotic imitation learning. By combining principled
diagnostic metrics, a falsifiable evidence-backed claim
registry, efficient coreset selection, and a prediction
loop that improves with accumulated outcomes, Cali-
bra provides the missing infrastructure layer between
raw demonstration collection and policy training.

The Spearman ρ = 0.597 predictor correlation
and the multi-dataset, multi-policy coreset ablation
(Section 9.1) confirm Calibra’s value as a practi-
cal, architecture-agnostic tool. Because demonstra-
tion datasets are frequently redundant, matching full-
dataset performance from a small, well-chosen coreset
is also a direct lever on training compute and, by ex-
tension, the energy cost of reaching a target policy

— a secondary but practically significant benefit of
treating dataset curation as a first-class step in the
imitation learning pipeline.

Future work. Key directions include: (1) a world-
model connection between Calibra’s hand-crafted
quality metrics and learned latent dynamics models
(we have a preliminary JEPA-style prototype suggest-
ing quality-flagged episodes correlate with high next-
state prediction error, but the causal claim needs
a properly powered, numerically-reported study be-
fore it belongs in a results section); (2) closed-loop
data collection that steers teleoperation using such
a learned predictability signal; (3) formal sufficiency
bounds for coreset selection; (4) integration with Hug-
gingFace dataset cards to surface quality scores on
the Hub.
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